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CHAPTER 1  
 
INTRODUCTION 
 
 Accelerometry-based activity monitors have become the standard objective 
method for assessing physical activity (PA) in field-based research [1]. They are small, 
non-invasive, easy-to use, and provide an objective indicator of physical activity over 
extended periods of time [2]. The main advantage from a research perspective is they 
provide an objective indicator of physical activity behavior, thereby avoiding common 
sources of error in subjective measurement (e.g., self-report) [3]. Because of their storage 
data capacity, it is possible to monitor behavior over extended periods of time and easy to 
download the information to a computer for processing. Numerous studies [2, 4-9] have 
been published on the reliability and validity of various accelerometry-based physical 
activity monitors [10]. They have become widely accepted in the field.  
 Over the years, advances in technology have contributed to dramatic 
improvements in the sophistication of accelerometry-based monitors. Most monitors 
today now use 3-dimensional accelerometers with higher sampling rates to provide more 
detailed information [11]. The use of solid-state construction in most devices has also 
improved reliability and durability of this class of activity monitor. There have also been 
many advances in methodologies to process accelerometer data, including more 
standardization in protocols, better handling of missing data, and the application of 
complex, pattern recognition techniques to distinguish among various types of movement. 
These advances have collectively helped advance the science (and practice) of physical 
activity monitoring, but there are numerous challenges that remain to improve the 
utility’s accuracy of accelerometry-based physical activity monitors.  
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 One of the most challenging problems has been equating output from different 
accelerometry-based devices [11]. In theory, accelerometry-based devices all measure the 
same thing (body acceleration). However, there is considerable variability in sensor 
properties, filtering, and scaling across different monitoring devices. This has made it 
impossible to directly compare data from competing instruments. While accelerometers 
internally measure acceleration in g-forces, most commercially-available devices report 
data using dimensionless units referred to as “counts.” Considerable research has been 
completed to calibrate the various devices against criterion measures, but presently it is 
not possible to directly equate output from one device to another in a systematic method 
[11]. In recent years, many new, competing technologies, including built-in 
accelerometer Smartphones, have been released into the market. These have further 
compounded the challenge of comparing accelerometry-based devices. In many cases, 
these devices are released into the marketplace with little or no evidence of their validity. 
 These accelerometry-based physical activity monitors have been used almost 
exclusively for research, but advances in technology have led to an explosion of new 
consumer-based activity monitors designed for use by individuals interested in fitness, 
health, and weight control. Examples include the BodyMedia FIT, Fitbit, Basis B1, 
Jawbone Up, NikeFuel band, DirectLife, PAM, and Smartphone applications. The 
development of these consumer-based monitors and applications has been driven, in large 
part, by the increased availability of low cost accelerometer technology that came about 
with the incorporation of accelerometers in the Wii. Refinement of other technologies 
(e.g., Bluetooth) and increased sophistication of websites and personalized social media 
applications also spurred the movement. These new accelerometry-based monitors 
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provide consumers with the ability to estimate PA and energy expenditure (EE) [12], and 
track data over time on a personalized web interface.   
 Other technologies have also been adapted to capitalize on consumer interest in 
health and wellness. Pedometers developed originally to measure steps have been 
calibrated to estimate EE and to store data over time [13]. Geographical positioning 
system (GPS) monitors, developed primarily for use in navigation, are now marketed to 
athletes and recreation enthusiasts to monitor speed and EE from activity. Heart rate 
monitors, originally marketed to athletes, have also been modified and marketed to 
appeal to more recreational athletes interested in health and weight control. These devices 
typically provide an easy-to-use web-interface to enable consumers to monitors PA and 
EE over time.  
 The increased availability of monitoring technology provides consumers with 
options for self-monitoring, but these tools may also have applications for applied field-
based research or intervention applications designed to promote PA in the population. To 
date, there is little or no information available to substantiate the validity of these 
consumer-based activity monitors and accelerometry-based mobile phone applications to 
assess PA and EE under free-living conditions. It is important to formally evaluate the 
validity of these various devices so information can be shared with researchers, fitness 
professionals, and consumers.  
The series of papers presented in this dissertation will provide a better 
understanding of the validity of consumer-based physical activity monitors and also 
evaluate the potential of estimating energy expenditure using built-in technology in 
Smartphones. The first study (Chapter 3) specifically evaluated the utility of various 
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consumer-based, physical activity, monitoring tools against indirect calorimetry. A 
unique aspect of this study is that the consumer-based monitors were also directly 
compared with results from an Actigraph monitor, the most commonly used research-
grade monitor used in the field. The second study (Chapter 4) explored the feasibility and 
utility of using embedded sensors in smart phones for objective activity monitoring. 
While consumer-monitors are designed to be convenient and easy to use, it is still 
somewhat burdensome for individuals to have to wear or carry another device. The 
embedded sensors in current Smartphones (e.g. accelerometers and gyroscope) may have 
similar (or better) utility than current research or consumer monitors. However, before 
this can be done, methods need to be developed to compile and use the raw sensor data. 
Machine learning techniques are widely used in pattern recognition technology and they 
have been increasingly used in accelerometry-based monitors to detect underlying 
patterns in the data. In this second study, machine learning techniques are tested to 
determine the most optimal way to classify physical activity patterns using Smartphone 
data. Once this is done it will be possible to develop prediction equations that can convert 
the raw data into estimates of energy expenditure and/or quantify levels of physical 
activity (see image below). 
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The two studies will advance research on physical activity monitoring techniques 
and specifically determine the feasibility of utilizing embedded sensors in Smartphones 
to capture physical activity data under free living conditions.  A comprehensive literature 
review is provided in the next section to summarize the progression of research in this 
area and to explain the methods for the present study.  
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CHAPTER 2  
 
LITERATURE REVIEW 
 
Introduction 
 Physical activity provides substantial health benefits and is a vital factor for the 
prevention of disease. Over the years, studies have provided details supporting the roles 
of physical activity in various health conditions and their overall benefits to public health. 
Research evidence indicates physical activity helps prevent several major health 
conditions, such as cardiovascular diseases [1], diabetes [2], hypertension [3], chronic 
kidney disease [4], and dyslipidemia [5]. There are also numerous studies to support the 
importance of cardiovascular fitness for improved health and reduced mortality [6, 7].  
 The United States Department of Health and Human Services provided the first 
formal U.S. government physical activity guidelines (USDHHS, 2008). The basic 
guidelines are similar to the 2007 AHA-ACSM recommendations, but focus on total 
weekly activity. Specifically, adults should participate in at least 150 minutes per week of 
moderate intensity, 75 minutes of vigorous intensity, or a combination of moderate and 
vigorous activity. Additional health benefits are possible for those who double the 
recommendations (300 minutes of moderate, 150 minutes of vigorous, or an equivalent 
combination of physical activity). This guideline included recommendations for children 
through older adults and other special populations (e.g., people with disabilities, pregnant 
women, etc.). The broad concepts of these guidelines are some activity is better than no 
activity, health benefits increase with increased physical activity (i.e., intensity, duration, 
and frequency), and the benefits of physical activity minimize the risks. 
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The recommended amounts of physical activity to improve fitness and promote 
health have been described and well publicized. However, the majority of U.S. adults do 
not meet physical activity recommendation guidelines [8], which is a pattern that holds 
true in other developed and developing nations [9]. Based on physical activity 
surveillance research, the prevalence of individuals who did not engage in leisure-time 
physical activity, declined from 29.8% in 1994 to 23.7% in 2004 (Center for Disease 
Control and Prevention (CDC), 2005). The prevalence of people, who met moderate-
vigorous physical activity (MVPA) guidelines for leisure-time PA, has remained static at 
about 25% [10].  
 Moreover, national surveys using representative samples from the U.S. population, 
show the prevalence of obesity and overweight has dramatically risen to more than 30 
and 65.7% in the United States, respectively [11, 12]. Overweight and obesity are viewed 
as critical public health concerns and also cause a large number of health problems [13], 
such as cardiovascular disease, type II diabetes mellitus, osteoarthritis, and an increased 
risk of some forms of cancer. Engaging in physical activity has the potential to attenuate 
the risk of adverse obesity-related health outcomes [14] and has proven health benefits, 
which have led to several organizations establishing national guidelines for physical 
activity recommendations.  
  Public health researchers have sought to develop behavioral interventions and 
methods to promote physical activity in the population. While there has been some 
progress in this area, a promising development is the increased availability of consumer-
based tools and resources that may help individuals monitor their own behaviors. For 
example, there are a number of consumer-based physical activity monitors and 
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Smartphones with built-in technology designed to help people become more physically 
active.  
An advantage of these tools is they are actively marketed and promoted by 
companies in the consumer marketplace. A number of factors have contributed to the 
convergence toward consumer-based activity monitor technology, including the 
availability of a low-cost accelerometer, increased utility of wireless data transfer, as well 
as widespread use of Smartphones and social media applications. These approaches 
present an exciting opportunity to advance public health, but it is important to validate 
existing monitoring systems (i.e., consumer-based activity monitors) and develop novel 
health monitoring technologies to study an individual’s physical activities and sedentary 
behaviors.  While some devices have been developed, based on established research 
devices, most monitors have been released into the marketplace without any formalized 
evidence of accuracy. 
The first section of this literature review summarizes the progression of research 
with traditional accelerometry-based physical activity monitors. The second section 
describes the measurement basis and features for various consumer-based activity 
monitors. The third section summarizes the available technology within Smartphones that 
would enable them to monitor physical activity, as well as promising approaches used for 
calibrating and validating Smartphone applications. The final section reviews the 
methods used for calibration in this dissertation’s studies.  
Progression of Research on Accelerometry-Based Physical Activity Monitors  
Overview of accelerometry-based physical activity monitors 
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 Accelerometry-based physical activity monitors have been used to monitor and 
provide a description of physical activity behavior in laboratory settings and free-living 
populations [15]. These devices contain accelerometers to assess the accelerations of 
objects in motion, along with reference axes. Acceleration is proportional to the net 
external force, which can then be used to estimate intensity and frequency of physical 
activity [16]. 
 Accelerometers measure acceleration of the body up to three planes, depending on 
the device. There are three different types of technology to capture the direction of the 
accelerations. If the accelerometer is uniaxial, the device can detect accelerations in just 
one plane, such as side-to-side movements, and it can miss activities with high vertical 
accelerations. Biaxial and tri-axial accelerometers can detect accelerations in two and 
three planes, respectively (i.e., horizontal, vertical, or lateral), and an omnidirectional 
accelerometer is sensitive to accelerations in all directions [17]. 
 Acceleration can be measured electrically with the physical changes in 
displacement of the proof mass (also referred to as seismic mass) with respect to the 
reference frame. Piezoresistive, piezoelectric, and differential capacitive accelerometers 
are the most commonly used types, utilizing the same basic principle of the spring mass 
system [18].  Piezoresistive accelerometers consist of a cantilever beam. Its proof mass is 
formed by a surface micromachined polysilicon structure with polysilicon springs, whose 
electrical resistance produces a voltage proportional to the applied acceleration. The main 
disadvantages of piezoresistive sensing are the temperature-sensitive drift [16] and the 
lower level of the output signals, but is useful for acquiring vibration information at low 
frequencies [19]. When the sensors in a piezoelectric accelerometer receive acceleration, 
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the sensing element bends, due to applied acceleration. This causes a displacement charge 
to build on one side of the sensor and results in a variable output voltage signal 
proportional to the applied acceleration.  
 Differential capacitive accelerometers typically use a differential capacitor with 
central plates attached to the moving mass and fixed external plates. The applied 
acceleration unbalances the capacitor, resulting in the output wave for the accelerometer. 
The advantages of differential capacitive accelerometers are low power consumption, 
large output level, and fast response to motions. Currently, this type of accelerometer 
uses a micro-electromechanical system (MEMS) technology commonly used in most 
applications, such as portable mobile systems and consumer electronics [18]. In addition, 
accelerometry data can be used to derive velocity and distance signals information by 
integrating accelerometry data with respect to time. Some accelerometry-based devices 
can respond to gravity to provide tilt sensing with respect to reference planes when 
accelerometers rotate with objects. The resulting inclination data can be used to classify 
body posture.  
 Accelerometry-based activity monitors also have other measurement challenges 
regarding the raw activity count data produced by each accelerometer. Commercial 
accelerometers usually produce output in the form of activity counts (i.e., counts/min) per 
defined time period (epoch). The units represent the estimated intensity of measured 
activities during each time period. However, there are discrepancies in cut-points 
converting the counts into meaningful outcome measures (e.g., VO2 or EE) due to 
differences in the regression models used to generate point estimates of EE and cut-points 
from accelerometer counts. For instance, it is difficult to directly compare the estimation 
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of moderate and vigorous physical activity (MVPA) from one set of cut-points to MVPA 
estimates using different cut-points, even when the same outcome units are reported [20]. 
 In addition, a well-recognized disadvantage of accelerometers is the devices are 
unable to account for the increased energy costs associated with walking up stairs or an 
incline, and do not accurately estimate non-locomotive activities. The cost of these 
devices may also limit the use of accelerometers in large-scale surveillance research [21]. 
Other disadvantages include subject compliance, altered physical activity patterns, and a 
cost of approximately $400 per monitor [22]. 
Calibration research with accelerometry-based activity monitors 
 As described above, accelerometry-based physical activity monitors provide raw 
acceleration data, but for this information to be useful, it must be calibrated [23]. There 
have been a number of calibration and validation studies for using commercially-
available accelerometers and their associated prediction equations to measure energy 
expenditure in both laboratory and free-living conditions. 
 The first accelerometer calibration study linking accelerometer counts per minute 
to energy expenditure (e.g., VO2, or Kcal·kg
-1
·min
-1
) was performed in a laboratory 
setting by Montoye et al. [24]. The researchers used dynamic activities, such as walking 
and running, and analyzed the relationship between energy expenditure and activity 
counts. They fit a linear regression to the data so they could predict energy expenditure 
related to activity counts. Since then, numerous studies have used similar approaches to 
calibrate other monitors. The Caltrac
TM  
[Caltrac Personal Activity Computer (Muscle 
Dynamics, Torrance, CA, USA)] accelerometer has been validated during level walking 
in a laboratory setting against indirect calorimetry [25]. The Caltrac
TM
 accelerometer 
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tended to underestimate EE at higher intensities and overestimate EE across a full range 
of speeds [26, 27] because the Caltrac
TM
 was factory-calibrated, based on walking [28].  
 The ActiGraph 7164 (ActiGraph LLC, Pensacola, FL) accelerometer, formerly 
known as the Computer Science and Application (CSA), was first calibrated by Freedson 
et al. [29] against indirect calorimetry during treadmill walking and running. A regression 
equation to estimate energy expenditure from the counts was developed and cross-
validated on a subset of participants. A high correlation in estimating EE was achieved, r 
=.88 with the developed equation. They also developed equations used to identify cut-
points representing the lower and upper bounds to classify intensity categories (i.e., light, 
moderate, and vigorous physical activity). Chu, Lawson, and Naughton [30] examined an 
ActiGraph (CSA) accelerometer for predicting activity energy expenditures, while 34 
adolescents worked on a treadmill. The researchers found the developed equation 
explained 72% of the variability in Kcal·min
-1
 (adjusted R
2
 = .72, SEE = 0.91 kcal·min
-1
). 
These results indicated the equation is suited for groups of adolescents rather than 
individuals, due to the high standard error of estimate (SEE). 
 The Tritrac (Tritrac R3D
TM
) (Professional Products, Madison, WI USA) and the 
Tracmor
TM
 (Maastricht, The Netherlands) accelerometers have been compared to indirect 
calorimetry [31, 32] and doubly labeled water (DLW) [33, 34]. Tracmor
TM
 [35] The 
studies demonstrated a high correlation (r = 0.95) between EE and device output on a 
treadmill, and the test-to-test repeatability was within ~0.5% [31]. The intra-class 
correlation coefficient [36] for slow-paced walking was 0.93 (p < .001) and 0.82 (p 
< .001). For fast-pace walking, Bonomi et al. [33] reported a standard error of the 
estimated total energy expenditure of 0.9MJ/day, or 7.4% of the measured total energy 
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expenditure. They suggested that the Tracmor
TM
 was a highly accurate device for the 
prediction of free-living energy expenditure. Total energy expenditure could be explained 
for 76%, when the sleeping metabolic rate and counts per day were included in the 
prediction model. However, the monitor failed to predict energy expenditure of up/down 
hill walking compared to indirect calorimetry. Chen and Sun [37] examined the Tritrac
TM
 
with 125 subjects, while they performed activities of daily living and light exercise, and 
compared with the total EE to whole room calorimetry for two 24-h periods. The results 
demonstrated the estimated EE correlated with the measured total EE for the 2 days (r 
=.925 and r =.855; p < .001). The Tritrac
TM
 demonstrated a significant underestimation of 
energy expenditure in most studies [38-40]. However, a few other studies [41-43] 
reported large overestimations of energy expenditures in various activities. The accuracy 
of the measurement is highly influenced by the study population, type of accelerometer, 
and the activity monitored.  
  The Actical (Philips Healthcare, Amsterdam, The Netherlands) single regression 
equation [44] accurately predicted activity energy expenditure in sedentary activities and 
slow running, while overestimated walking and underestimated all other activities. Puyau 
et al. [45] analyzed Actical and Actiwatch (Philips Healthcare, Amsterdam, The 
Netherlands) accelerometer counts with treadmill and daily living activities in children to 
predict activity-related energy expenditure. A clear, non-linear relationship was 
determined between counts and oxygen uptake measured via whole room calorimetry, 
utilizing a graphical examination. Therefore, Puyau et al. developed a prediction equation 
that included a power function of accelerometer counts as the observed relationship. The 
results indicated a correlation coefficient of R
2
 = .81 and SEE = .01 kcal·kg
-1
·min
-1
. 
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Puyau et al. suggested accelerometers can be best applied to groups versus individual 
estimations of energy expenditures. However, the sensitivity was higher when 
participants performed vigorous activities.  
 Crouter et al. [46] examined several published regression equations for Actical, 
the ActiGraph, and an AMP-331 accelerometer (Dynastream Innovations Inc., Cochrane, 
Canada) and reported the accuracy for each equation compared to indirect calorimetry 
over a wide range of activities. A major finding was each regression equation tended to 
be valid for the activities for which it was calibrated. However, a linear regression model 
developed on locomotion activities underestimated lifestyle activities [46]. Leenders et al. 
[34] reported the ActiGraph accelerometer underestimated total energy expenditures by 
59% over seven days compared to doubly labeled water. Later, Crouter et al. [47] 
developed a method to distinguish between lifestyle and locomotion activities with the 
ActiGraph. In this case, pattern recognition algorithms were used to classify activities 
into three categories before estimating energy expenditure. After the activities were 
recognized, different regression models were applied for each activity mode to estimate 
energy expenditure. This method improved EE estimates for unconstrained lifestyle 
activities, especially improving estimates across a wider range of activity types and 
intensities [48].  
 Over the past several decades, much research has been achieved on developing 
regression equations for accelerometry-based activity monitors. However, there is 
considerable variability in the equations and little consensus on which equation is best. A 
reason may be it is not possible to develop a single equation to accurately capture the 
diverse array of movements performed in daily life. Some researchers have suggested 
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that to account for the variation seen, separate regression relationships should be 
developed for different activities. Developing different regression equations would 
necessitate the ability to accurately distinguish different types and intensities of physical 
activities.  
Consumer-Based Physical Activity Monitors 
 In recent years, many companies have released a variety of consumer-based 
monitors designed to facilitate physical activity behavior change. The release of these 
new devices presents both challenges and opportunities for researchers, fitness educators, 
and practitioners. These consumer-based devices are generally marketed to provide 
personal information on levels of physical activity, but there is considerable variability in 
the features and characteristics of these new monitors. Some devices are based on 
standard, research-based devices with documented reliability and validity. Other devices 
have been developed specifically for the consumer market with typically little or no 
evidence documenting their accuracy or utility. A number of factors have contributed to 
the convergence toward consumer-based activity monitor technology, including the 
availability of low-cost accelerometers, the increased utility of wireless data transfer, as 
well as the widespread use of Smartphones and social media applications.   
Increased competition in this market provides consumers with choices, but it has 
also made it difficult to determine the relative value or utility of these various tools. The 
increased availability of monitoring technology provides consumers with options for self-
monitoring, but little information is available to help consumers determine the relative 
effectiveness or utility of these different devices. This section summarizes some of the 
features of this newer class of consumer-based activity monitors. As described above, 
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there are a number of approaches for monitoring and assessing activities, including 
devices based on step counts (pedometers), heart rate (heart rate monitors), and location 
(GPS monitors); however, accelerometry-based monitors represent the most common 
platform. Therefore, the focus in this review is on accelerometry-based monitors. 
Features of eight different monitors are summarized below (in alphabetical order). 
Basis B1 band (BB) 
 The Basis B1 band (Basis Science Inc., San Francisco, USA) is a wrist watch-
style activity monitor with multiple sensors that integrates movement data from a 3-
dimensional accelerometer and magnitude (g-force) with various heat-related variables, 
such as skin surface temperature, ambient temperature, and galvanic skin response to 
estimate energy expenditure. The unique feature of the Basis band is its advanced optical 
sensing technology, which accurately measures heart rate and blood flow. The battery life 
in the Basis B1 band lasts up to five days and is waterproof. In addition, it carries a 
digital watch packed in an LCD touch screen interface. No published research has been 
reported on the Basis B1 band.  
BodyMedia FIT (BMF) 
 The BodyMedia FIT (BodyMedia Inc., Pittsburgh, PA, USA) is a consumer 
version of a research-based accelerometer known as the SenseWear Armband. The 
SenseWear is a well-validated, multi-sensory activity monitors worn on the upper arm as 
an armband. It integrates movement data from a 3-dimensional accelerometer with 
various heat-related variables (e.g., heat flux) and galvanic skin response to estimate EE. 
FIT uses the same technology as the SenseWear device, but is designed to facilitate 
personal self-monitoring and weight control. The device comes with a watch interface 
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and can connect wirelessly through Bluetooth with Smartphone apps for data monitoring. 
The monitor has rechargeable batteries that can be used to collect and store data for two 
weeks.  Data can be downloaded through a USB cable and viewed through a personalized 
web-based software tool (ProConnect) to monitor results over time. The software also 
features an integrated tool for reporting calorie intake, which enables participants to track 
energy balance, and to set and monitor weight loss goals (the software interface also 
enables users to connect with health coaches for guidance and support). Numerous 
studies [49-51], have validated the SenseWear, but studies to date have not evaluated the 
FIT monitor.   
DirectLife (DL) 
 The DirectLife (DirectLife, Philips Lifestyle Incubator, Amsterdam, The 
Netherlands) monitor is a triaxial accelerometer that uses the same technology as a 
research-based device—Tracmor. The DirectLife monitor is a small (3.2 × 3.2 × 0.5 cm), 
light-weight (12.5g) monitor designed to enhance wearability. It can be worn on the belt, 
attached as a necklace, or carried in a pocket. It is also waterproof to 3 m in depth. The 
DirectLife has a battery life of three weeks and an internal memory that can store data for 
up to 21 days. Data are directly downloaded to the website using a USB cable. The 
website provides users with an online health coach and personalized summary results. No 
studies have been performed to report the validity of the DirectLife. 
Fitbit®  One (FO) 
 The Fitbit (Fitbit Inc., San Francisco, CA, USA) is a triaxial accelerometer 
designed to be clipped to a belt or waistband. The monitor is a small (19.5 × 5.5 × 14 
mm), light-weight (12 g) instrument that provides information about steps, stair climbing, 
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distance traveled, and calories burned. The battery in the Fitbit lasts five to seven days 
and has an internal memory that can store data for up to 24 days. The function of wireless 
data transfer to the website does not necessitate connecting the monitor to the computer. 
The unique feature of the Fitbit is it provides information about sleep efficiency, but one 
study [52] found Fitbit had the high intra-device reliability, but overestimated both sleep 
time and quality. Limited published research has been reported on the Fitbit associated 
with the validation of the device as a physical activity monitor.  
Jawbone UP (JAWBONE, San Francisco, CA, USA) 
 The Jawbone UP band is a wrist-worn, 3-dimensional accelerometer that can 
measure sleep patterns, physical activity time, and food intake throughout the day. The 
UP band corresponds with an iOS device (iPhone 3GS or higher) via a 3.5 mm standard 
cable to synchronize data. The UP is water-resistant up to 1-meter and has a battery life 
span of 10 days. Comparable to the Gruve, the vibration function is also incorporated to 
prompt users to move. No published research has been reported on the UP band.   
Nike+ Fuel Band. (Nike Inc., Beaverton, OR, USA)  
 The Nike Fuel band is a wrist-worn, 3-dimensional accelerometer, which assesses 
body movement, steps taken, distance, and calories burned. Data can be synchronized to 
the Nike+ Connect (website) via the clasp, which doubles as a USB cable or the 
accompanying application for an iOS device (iPhone) using Bluetooth. The Fuel band’s 
battery life lasts up to four days and the band uses a series of 100 mini-LED lights to 
provide a clear presentation of physical activity data (i.e., steps, distance, and activity 
energy expenditure). No published research has been reported on the UP band.   
Personal Activity Monitor (PAM, PAM B.V. Doorwerth, The Netherlands)  
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 The PAM is a small (5.8 × 4.2 × 1.3 cm), lightweight (28g), tri-axial 
accelerometer that builds upon technology and coding from a previously validated 1-
dimensional monitor [53]. The new PAM provides wireless communication with a 
computer and Bluetooth links to Smartphones (iOS and Android) applications. The 
unique feature of the PAM monitor is the battery life (i.e., 12 months) of the PAM is far 
greater than for other monitors. Data can be stored for up to three months.  
Advanced Activity Monitors and Calibration Methods  
Innovations in monitoring technology and methods 
The limitations of standard accelerometry-based activity monitors have been well 
described, and a number of alternative methodologies and technologies have been 
proposed to help overcome them. A key advance in activity monitor evolution has been 
the development of multi-sensor devices that utilize pattern recognition algorithms to 
estimate EE. The availability of multiple sensors has provided researchers with more 
comprehensive data on movement, postural changes, and time spent in activities of 
varying intensities.  Multiple sensors simultaneously record integrated information from 
various combinations of physical, biological, and physiological variables, which allows 
for more customized and specific prediction algorithm applications.  
 There is evidence that a combination of heart rate monitoring and accelerometer 
can improve precision of estimating of free-living energy expenditure, and type or 
intensity of physical activity. For instance, heart rate-derived estimation of energy 
expenditure is highly variable and unable to make reliable predictions of EE. Strath et al. 
[54] examined the comparison of EE from combined heart rate and accelerometry to 
estimate EE from indirect calorimetry. A non-significant difference was discovered in EE 
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for the combined method when compared to indirect calorimetry. A separate examination 
indicated the accelerometry data alone underestimated EE by an average of 1.1 METs (p 
< .001), while heart rate alone significantly overestimated EE by an average of 0.4 METs 
(p < .001). The combination of these two methods exhibited a stronger correlation with 
indirect calorimetry (r = 0.81) than individual data from a heart rate monitor (r = 0.67) 
and an accelerometer (r = 0.54). Similar results were determined by Treuth et al.’s [55] 
study. They examined the validity of this method for children by comparing energy 
expenditure estimated by a combination of heart rate and accelerometry data to energy 
expenditure measured by whole-room calorimetry.  The mean level of error related to the 
estimation of EE was 2.9% ± 5.1. The results of these studies suggest the combination of 
heart rate and accelerometry may provide a method to accurately estimate energy 
expenditure in free-living conditions. However, additional validation studies are needed 
to determine the practicality and validity of this technique to estimate energy 
expenditures during a wider variety of free-living activities.    
 The SenseWear armband (SWA) is a portable, multi-sensor monitor, which 
incorporates information from a 3-axis accelerometer with a multiple of heart-related 
sensors (i.e., heat flux, skin temperature, near-body ambient temperature, and galvanic 
skin response). The monitor can continuously monitor physiological data, such as 
physical activity duration and intensity (METs), steps per minute, sleep duration, and 
estimated EE. The advantage of the SWA is the minimal burden on participants and 
researchers. The monitor is worn on the back of an individual’s upper arm with an elastic 
Velcro strap, making it easy and comfortable to wear. In addition, the monitor also 
automatically detects and records an individual’s wear time. The integration of multiple 
23 
23 
channels may enable the SWA to overcome the limitations observed in traditional 
assessment devices. For example, the heat sensors may allow the device to better measure 
estimates of EE for non-weight bearing activities, activities involving upper body 
movement, cycling, resistance exercise, and non-locomotive physical activities. 
Compared to traditional accelerometry-based monitors, the SWA more accurately 
estimates EE across a wide range of activities [56]. The SWA has been shown effective 
for assessing and monitoring physical activity in a variety of age groups, as well as in 
samples with adverse health conditions [26, 51, 57-59].  
 Pattern recognition monitors (e.g., SenseWear Armband) calculate EE from each 
minute of data, using a Naïve Bays classifier that matches the sensor data to the activity 
class that best describes the current minute. The different activity classes include walking, 
running, stationary bike, road bike, rest, resistance exercise, and other activities. Each 
activity class is linked to a linear regression model, mapping sensor values, and body 
parameters to EE. Separate regression algorithms are used for subjects 18 years of age or 
younger, and for those older than 18 years. The study conducted by Corder et al. [60] 
revealed pattern-recognition monitors (e.g., SenseWear Armband) provide more accurate 
estimates of physical activity than traditional accelerometry-based activity monitors. 
However, studies have found discrepancies when pattern recognition was used with 
children [61] and the obese population [62].  
 Recently, machine learning techniques or pattern recognition approaches, such as 
artificial neural networks (ANN), decision trees, and hidden Markov models (HMM) 
have been developed as feasible alternatives to simple regression methods or two 
regression models with commercially-available accelerometer monitors (e.g., ActiGraph). 
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Several groups have successfully implemented various machine-learning techniques. 
Ruch et al. [63] examined the utility of three pattern recognition algorithms trained to 
recognize physical activity patterns of children in free-living conditions. The results 
demonstrated the overall recognition rate of the classification procedure was 67%. The 
machine-learning technique was able to classify 90% of the stationary activities, 83% 
walking, 81% running, and 61% jumping activities. Pober et al. [64] applied hidden 
Markov models to predict activity patterns and estimate EE, using data from an MTI 
actiGraph worn by six healthy adult subjects during four activities. They found the HMM 
approach was able to identify activity patterns with an accuracy of 80.8%.  
 De Vries et al. [65] used artificial neural networks [50] to predict physical activity 
patterns using second-by-second count data from the hip or the ankle, utilizing the 
ActiGraph GT1M and GT3X accelerometers with children. Their results indicated the 
models, based on hip accelerometer data, correctly classified the activities 72 and 77% of 
the time using uniaxial (GT1M) and tri-axial accelerometer (GT3X) data, respectively; 
while the data from the ankle accelerometer was correct 57 and 68% of the time, 
respectively, accuracy across the seven activities. This study supported the ANNs 
exhibited better classification accuracy with hip tri-axial accelerometer output. 
 Trost et al. [66] developed and examined artificial neural networks to predict the 
physical activity type and energy expenditure from processed accelerometer data 
collected from children and adolescents. Their results showed the ANN improved the 
accuracy of physical activity patterns from 81.3 to 88.4% and improved the MET 
prediction 30 to 40% compared to traditional regression-based approaches. 
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 These previous studies demonstrate the promise of applying pattern recognition 
approaches or machine learning techniques to processing accelerometer data. 
Potential for Calibration of Smartphones 
 The increasing popularity, power, and low cost of portable handheld computers, 
such as mobile phones, provide numerous opportunities for developing innovative 
technologies. The inclusion of accelerometers in Smartphones makes it possible for cell 
phones to perform the same functions as many of the previously mentioned activity 
monitoring devices. Smartphones provide a new technology for activity assessment, but 
different calibration approaches are needed to provide estimates of activity and energy 
expenditure. 
 To date, Smartphones incorporated with accelerometers have become very 
common. Estimates suggest, worldwide, more than 6.2 billion people carry a Smartphone 
throughout the day. In the United States, 114 million Americans were estimated using 
Smartphones (as of July 2012) [67]. Most Smartphones have many powerful and diverse 
sensors including GPS sensors, vision sensors (i.e., cameras), audio sensors (i.e., 
microphones), light sensors, temperature sensors, direction sensors (i.e., magnetic 
compasses), gyroscope, and acceleration sensors (i.e., accelerometer). The array of 
sensors is impressive, considering the types used in many commercially-available activity 
monitors. With calibration and development, these sensors could potentially be used to 
identify an individual’s activity, context, and situation.  Among these sensors, an 
accelerometer and gyroscope would likely have the most utility for classifying physical 
activity patterns.  
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 Built-in accelerometers in Smartphones utilize MEMS (Micro-electro-mechanical 
systems), which record acceleration at three axes, perpendicular to each other, and 
provide three real time values—X, Y, and Z. In contrast to commercially-available 
accelerometers, Smartphones have a gyroscope sensor to record the speed of movements, 
the acceleration of rotation, and three real time values that indicate acceleration of rolling, 
whirling, and rotation. This sensor could be used to evaluate relative location, direction, 
and angle of the Smartphone.    
 A variety of activity pattern classification algorithms or machine learning 
techniques have been evaluated for potential to classify activity. Noticeable success using 
body-worn accelerometry-based monitors and combined accelerometry output has been 
observed by various machine learning techniques, including the Naïve Bayes classifier, 
Hidden Markov Models [68], k-nearest neighbor (e.g., kNN), neural networks [69], 
Gaussian Mixture Model, and C4.5 decision tree classifier [70].   
  Previous activity classification studies have used a wide range of approaches 
from simple threshold-based schemes to more advanced algorithms, such as artificial 
neural networks or hidden Markov models [71]. Xiuxin et al. [72] studied a wearable 
real-time system using the Naïve Bayes algorithm to recognize physical activity utilizing 
two wearable accelerometers. The Naïve Bayes classifier is based on the likelihood of the 
single patterns available for each activity class. Given such conditions, the probability of 
a new unknown pattern produced by a specific activity can be estimated directly. These 
researchers suggested one sensor, attached to the thigh, provides 87% overall accuracy 
compared to the sensor located on the chest. The Naïve Bayes algorithm had advantages 
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in both accuracy performance and processing time, compared with other commonly used 
algorithms, such as artificial intelligence algorithms, Neural Network, and Decision Tree.  
 However, Bao et al. [73] developed and evaluated algorithms to detect physical 
activities utilizing five small, body worn, biaxial accelerometers with 20 subjects. The 
subjects randomly performed a sequence of 20 lifestyle activities. Their results indicated 
a low level of classification accuracy with the Naïve Bayes classifier. The authors 
suggested decision tree classifiers showed the best performance for recognizing everyday 
activities, such as walking, sitting, standing, running, folding laundry, bicycling, and 
vacuuming. The models achieved an overall accuracy of 84%, consistent with 
performance in a previous study [74] that used decision tree algorithms to classify 
reclining, sitting, standing, and locomotion to achieve 89.30% overall accuracy. Despite 
this accuracy, wearing multiple sensors distributed across the body is not very practical.  
 Decision tree algorithms have been applied to a wide range of classification 
issues[75]. The C4.5 decision tree algorithm is widely used to recognize activities from 
wearable accelerometers, due to ease of interpretation, fast classification, and real-time 
implementation. The algorithm is a decision support tool that uses a tree-like model for 
decisions. Kwapisz et al. [76] examined an Android-based Smartphone, while performing 
certain everyday activities to classify activity patterns with 29 subjects. These subjects 
carried the Android phone in their front pant-leg pocket and performed walk, jog, 
ascend/descend stairs, sit, and stand activities for specific periods of time. The 
researchers examined the predictive accuracy associated with each of the activities for 
each of the three machine learning algorithms. In most cases, the results demonstrated 
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they achieved a high level of accuracy. Walking and jogging, two common activities 
were accurately identified above 90%, when utilizing decision tree algorithms (i.e., J48).  
 An artificial neural network, often called a neural network, is a mathematical 
model configured to represent complex relationships between inputs and outputs to 
discover patterns in data [71]. Khan et al. [77] employed Kernel Discriminant analysis to 
extract the significant non-linear discriminating features and used artificial neural 
networks for the final classification. Their study recruited six subjects and placed the 
Smartphones on five different positions: shirt’s top pocket, jean’s front left pocket, jean’s 
front right pocket, jean’s rear pocket, and coat’s inner pocket. Activity data were 
collected from five activities—sitting, walking, walk-upstairs, walk-downstairs, and 
running. The results demonstrated the average recognition rate was 96% for five activity 
classes in any pocket without firm attachment to a specific body part in this study—
resting (99%), walking (95%), walk upstairs (95%), walk down-stairs (92%), and running 
(99%).   
 Consistent with Khan’s study, Sun et al. [78] conducted experiments to classify 
activities using a Smartphone (i.e., Nokia N97) with seven subjects. The subjects placed a 
Smartphone in their preferred pocket and performed seven typical physical activities that 
people commonly conduct daily—stationary (standing, sitting, and reclining), walking, 
running, bicycling, ascending/descending stairs, and driving. The authors compared the 
recognition accuracies with different machine-learning algorithms, such as Naïve Bayes, 
C4.5 decision tree, random forest, logistic regression, RBF network, and support vector 
machines (SVM). The recognition accuracy was 97.7% for the SVM technique and 96.5% 
with random forest. Naïve Bayes and RBF network yielded the worst accuracy (around 
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70%). This research recognized an individual’s physical activity can be accurately 
classified with a Smartphone carried in a pocket near the pelvic region.  
In addition to these studies, Wu et al. [79] examined the validity of the iPod Touch 
(Apple, Inc., Cupertino, CA). Their study sought to understand the utility of gyroscopes 
to classify physical activity patterns with the goal of developing a measurement and 
feedback system that easily integrates into an individual’s daily activity.  The researchers 
recruited 16 healthy participants, who performed 13 activities, such as sitting, walking, 
jogging, and going up/down stairs at different paces. The subjects carried the iPod touch 
device in an armband for jogging and in a front short pocket for all other activities. The 
analyses evaluated the performance of a variety of algorithms, including C4.5 (J48) 
decision tree, multilayer perception, Naïve Bayes, logistic, and k-nearest neighbor (kNN). 
The results indicated among a variety of machine learning techniques (C4.5 decision tree, 
multilayer perception, Naïve Bayes, logistic, and k-nearest neighbor – kNN), kNN 
generally produced better classification accuracy for walking at different paces (90.1-
94.1%), jogging (91.7%), and sitting (100%). Lower classification accuracy was 
determined with stair walking (ranging from 52.3 to 79.4%). However, this study 
supports the idea that utilizing an accelerometer and gyroscope for activity recognition 
provides advantages for classifying individual’s activity patterns. 
 The studies cited above have demonstrated the potential for utilizing the built-in 
accelerometer and gyroscope sensors in a Smartphone to capture physical activity 
patterns in daily life. The research conducted in Study 2 will advance work in this area by 
evaluating the accuracy of energy expenditure estimates from different machine learning 
techniques.  
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Summary and Specific Justification for Dissertation Studies 
 The literature reviewed in this section provided an overview of accelerometry-
based activity monitors and described how they have been used in research to objectively 
assess physical activity. The popularity of these devices has also led many companies to 
release a variety of consumer-based monitors; however, most are focused on facilitating 
physical activity behavior change. Some devices are based on standard, research-based 
devices with documented reliability and validity. However, other devices have been 
developed specifically for the consumer market and have been released with little or no 
evidence documenting their validity. It is important to formally evaluate the validity of 
these devices so consumers (and researchers) can make informed choices when selecting 
a monitor.  Therefore, the purpose of Study 1 is to examine the validity of various 
consumer-based physical activity monitors to estimate energy expenditure. A key feature 
of this study is the direct comparison with data from a standard accelerometry-based 
activity monitor. This enables the accuracy of the consumer-based monitors to be directly 
compared with standard research monitors. 
The evaluation of the consumer-based monitors will help to determine the relative 
validity of various commercially-available monitors. However, as described, a limitation 
of all of these devices is a person must wear something on the body. Accelerometer-
enabled mobile phones have built-in sensors and data storage features that can be used to 
perform the same functions as most of the consumer-based monitors. However, this work 
is still in its early phases, and considerable development work is needed to understand 
how to detect and characterize movement with these sensors. The use of cell phones for 
monitoring activity prevents additional challenges, since they are typically carried in a 
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pocket instead of attached to a belt. However, these challenges can be overcome by using 
current machine-learning techniques. Therefore, the purpose of Study 2 was to test 
different approaches for classifying physical activity and to determine the potential utility 
for use in activity monitoring research. A unique feature of the present study is prediction 
algorithms will be developed to estimate energy expenditure, based on cell phone data. 
This has not been previously achieved and provides new insights into the potential for 
using Smartphones as objective, physical activity monitoring.  
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CHAPTER 3 
VALIDITY OF CONSUMER-BASED PHYSICAL ACTIVITY MONITORS 
DURING SEMI-STRUCTURED FREE-LIVING CONDITIONS 
Abstract 
 
Background: Accelerometry-based physical activity monitors are commonly used in 
research, but recently, many consumer-based monitors have emerged in the market.  
These devices are marketed to provide personal information on the levels of physical 
activity and daily energy expenditure (EE), but little or no information is available to 
substantiate their validity. Purpose: The present study examines the validity of EE 
estimates from a variety of consumer-based, physical activity monitors under free-living 
conditions. Methods: Sixty (26.4 ± 5.7 years) healthy males (n=30) and females (n=30) 
wore eight different activity monitors simultaneously, while completing a 69-minute 
protocol, involving a diverse array of both free-living and structured activities. The 
monitors included the BodyMedia FIT armband worn on the left arm, DirectLife monitor 
around the neck, Fitbit One, Fitbit Zip, and ActiGraph worn on the belt, as well as 
Jawbone Up and Basis B1 band monitor on the wrist. The validity of the EE estimates 
from each monitor was evaluated relative to criterion values concurrently obtained from a 
portable metabolic system (Oxycon Mobile). Differences from criterion measures were 
expressed as a mean absolute percent error (MAPE) and were evaluated using 95% 
equivalence testing. Results: For overall group comparisons, MAPE values (computed as 
the average absolute value of the group level errors) were 9.3, 10.1, 10.4, 12.2, 12.6, 12.8, 
13,0 and 23.5% for BodyMedia FIT, Fitbit Zip, Fitbit One, Jawbone Up, ActiGraph, 
DirectLife, NikeFuel Band, and Basis B1 band respectively. The results from the 
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equivalence testing showed the estimates from the BodyMedia FIT, Fitbit Zip, and 
NikeFuel Band (90% CI: 341.1, 359.4) were each within the 10% equivalence zone 
around the indirect calorimetry estimate. Conclusions: The indicators of agreement 
clearly favored the BodyMedia FIT armband but promising preliminary findings were 
also observed with the Fibit Zip. The other consumer-based monitors yielded estimates 
that were generally comparable to the widely used Actigraph monitor. However, some 
findings should be interpreted with caution due to some inconsistencies in the pattern of 
results.  
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Introduction 
 Accelerometers have become the standard method for assessing physical activity 
in field-based research[1]. They are small, non-invasive, easy-to-use, and provide an 
objective indicator of physical activity (PA) over extended periods of time. They have 
been used almost exclusively for research but advances in technology have led to an 
explosion of new consumer-based, activity monitors designed for use by individuals 
interested in fitness, health, and weight control. Examples include the BodyMedia FIT, 
Fitbit, DirectLife, Jawbone Up, NikeFuel band, as well as the Basis Band. The 
development of these consumer-based monitors has been driven in large part by the 
increased availability of low cost accelerometer technology in the marketplace. The 
refinement of other technology (e.g., Bluetooth) and the increased sophistication of 
websites and personalized social media applications have also spurred the movement. 
These new accelerometry-based monitors provide consumers with the ability to estimate 
PA and energy expenditure (EE), and track data over time on websites or through cell 
phone apps.  
Other technologies have also been adapted to capitalize on consumer interest in 
health and wellness. Pedometers developed originally to measure steps have been 
calibrated to estimate EE and to store data over time [2]. Geographical positioning system 
(GPS) monitors, developed primarily for use in navigation are now marketed to athletes 
and recreation enthusiasts to monitor speed and EE from the activity. Heart rate monitors, 
originally marketed to athletes, have also been modified and marketed to appeal to most 
recreational athletes interested in health and weight control. While the functions and 
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features vary, all of these devices attempt to provide users with an easy way to 
objectively monitor their PA and EE over time.    
 The increased availability of monitoring technology provides consumers with 
options for self-monitoring, but these tools may also have applications for applied field-
based research or intervention applications designed to promote PA in the population. 
However, little or no information is available to substantiate the validity of these 
consumer-based activity monitors under free-living conditions. It is important to formally 
evaluate the validity of these various devices so consumers, fitness professionals and 
researchers can make informed decisions when choosing one of the monitors. Research 
on physical activity assessment has progressed by continually evaluating new 
technologies and approaches against existing tools. The present study adds new 
information to the literature by formally evaluating the validity of eight different 
consumer-based, activity-monitoring technologies under semi-structured free-living 
conditions, with estimates of EE from a portable metabolic analyzer as the criterion 
measure. 
Methods 
Participants 
 Sixty healthy men (n=30) and women (n=30) volunteered to participate in the 
study. Participants did not have major diseases or illnesses, did not use medications that 
would affect their body weight or metabolism, and were nonsmokers determined by the 
self-report health history questionnaire. Individuals were recruited from within the 
university and surrounding community through posted announcements and word-of-
mouth.  Approval from the Institutional Review Board of Iowa State University was 
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obtained before beginning this study. Participants were aware of the procedures and 
purpose of the study before they signed the informed consent document.   
Instruments 
Oxycon Mobile 5.0 (OM) 
 The OM (Viasys Healthcare Inc., Yorba Linda, CA USA) is a portable metabolic 
analyzer that allows measurement of oxygen consumption under free-living conditions 
and was utilized in this study as the criterion measure. In a recent validation study, the 
OM provided similar metabolic parameters (VE, VO2, and VCO2) compared to the 
Douglas bag method. Mean differences reported in the study were in all cases less than 5% 
[3]. Expired gases were collected using Hans Rudolph masks (Hans Rudolf, Inc., Kansas 
City, MO). Volume and gas calibrations were performed before each trial by following 
manufacturer recommendations. 
BodyMedia FIT (BMF)(BodyMedia Inc., Pittsburgh, PA, USA) 
 The BodyMedia FIT is a consumer version of a research-based, armband monitor 
known as the SenseWear Armband. The SenseWear is an innovative, multi-sensor 
activity monitor that integrates movement data from a 3-dimensional accelerometer with 
various heat-related variables (e.g., heat flux) and galvanic skin response to estimate EE. 
The FIT uses the same technology as the SenseWear device, but it is designed to facilitate 
personal self-monitoring and weight control. The device comes with a watch interface 
and can connect wirelessly through Bluetooth with Smartphone apps for data monitoring. 
The monitor has rechargeable batteries that can be used to collect and store data for two 
weeks. Data can be downloaded through a USB cable and viewed through a personalized 
web-based software tool (ProConnect) to monitor results over time. The software also 
features an integrated tool for reporting calorie intake, which enables participants to track 
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energy balance, and to set and monitor weight loss goals; the software interface also 
enables users to connect with health coaches for guidance and support. Numerous studies 
[4-6] have supported the validity of the SenseWear, but studies to date have not evaluated 
the FIT monitor.   
DirectLife (DL) 
 The DirectLife (DirectLife, Philips Lifestyle Incubator, Amsterdam, The 
Netherlands) is a tri-axial accelerometry-based monitor, based on a previously developed 
research device called the Tracmor [7]. This device is a small (3.2 × 3.2 × 0.5 cm), light-
weight (12.5g) instrument. The DL is waterproof to a 3 m depth and has a battery life of 3 
weeks with an internal memory that can store data for up to 22 weeks. The features of the 
DL have been designed to enhance wearability and reduce interference of the monitoring 
system with spontaneous activity behavior. A personal web page that provides stats, tips, 
and activity ideas allows participants to track their estimated EE, based on their activities. 
The validity of the Tracmor has been supported, but the DirectLife has not been tested to 
date. 
Fitbit One (FO) 
 The Fitbit One (Fitbit Inc., San Francisco, CA, USA) is a tri-axial, accelerometry-
based device that can track steps taken, floors climbed, distance traveled, calories burned, 
and sleep quality. This monitor is a small (48 × 19.3 × 9.65 mm), light-weight (8g) 
instrument. The Fitbit has a 5 to 10 day battery life and an internal memory that can store 
data for up to 23 days. The unique feature of the FB is a wireless function that makes it 
possible to automatically upload data to the website without synchronizing the monitor to 
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the computer. The Fitbit Ultra has been tested against estimates from a room calorimeter, 
but was found to significantly underestimate total energy expenditure [8]. 
FiBit Zip(FZ) 
 The Fitbit Zip (Fitbit Inc., San Francisco, CA, USA) is a triaxial accelerometer 
that can track steps taken, distance traveled, and calories burned. This monitor is smaller 
(35.6 × 28.9 × 9.6 mm) than the Fitbit One, but has an expanded battery life—
approximately 4 to 6 months—and is slightly less expensive.  
Jawbone UP (JU) 
 The Jawbone UP band (JAWBONE, San Francisco, CA, USA) is a wrist-worn, 3-
dimensional, accelerometry-based device that can assess sleep patterns and physical 
activity patterns throughout the day. The UP band corresponds with an iOS device 
(iPhone 3GS or higher) via a 3.5 mm standard cable to synchronize data. The UP is 
water-resistant up to 1-meter and has a battery life span of 10 days. No research has been 
published on the UP band.   
Nike+ Fuel Band (NFB) 
 The Nike Fuel Band (Nike Inc., Beaverton, OR, USA) is a wrist-worn, 3-
dimensional, accelerometry-based device, which assesses body movement, steps taken, 
distance, and calories burned. Data can be synchronized to the Nike+ Connect (website) 
via the clasp, which doubles as a USB cable or the accompanying application for an iOS 
device (iPhone) using Bluetooth. The Fuel Band’s battery lasts up to four days and the 
band uses a series of 100 mini-LED lights to provide a clear presentation of physical 
activity data (i.e., steps, distance, and activity energy expenditure). No published research 
has been reported on the Nike+ Fuel Band.   
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Basis B1 Band (BB) 
 The Basis B1 Band (Basis Science Inc., San Francisco, USA) is a wrist watch-
style, activity monitor with multiple sensors that integrates movement data from a tri-
axial accelerometer with various heat-related variables, such as skin surface temperature, 
ambient temperature, and galvanic skin response to estimate energy expenditure. The 
unique feature of the Basis band is its advanced optical sensing technology, which 
accurately measures heart rate and blood flow. The battery in the Basis B1 Band lasts up 
to five days and the B1 is also reported to be water proof. In addition, it includes a digital 
watch, packed in an LCD touch screen interface. No published research has been reported 
on the Basis B1 Band. 
ActiGraph GT3X+ (ACT) 
 ActiGraph GT3X+ (ActiGraph, Pensacola, FL USA) is the most commonly used 
accelerometer for the assessment of physical activity under free-living conditions. It is 
marketed exclusively as a research instrument and has been used in numerous studies to 
provide objective estimates of physical activity. The latest version of the ActiGraph 
(GT3X+) features a tri-axial accelerometer. The ActiGraph is not a consumer device, but 
is included in the study for comparison purposes.  
Procedures 
 Participants reported to the laboratory twice. On the first visit, they were 
instructed on the characteristics of the study before signing an informed consent and 
completing a self-report health history. Anthropometric measures were obtained at the 
beginning of the data collection session. Standing height was measured to the nearest 0.1 
cm with the use of a wall mounted Harpenden stadiometer (Harpenden, London, United 
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Kingdom) using standard procedures. Body mass was measured with participants in light 
clothes and bare feet on an electronic scale (Seca 770) to the nearest 0.1 kg. The body 
mass index (BMI) was calculated as weight (kg)/ height squared (m
2
). Percentage of body 
fat was assessed, using a hand-held Bioimpedence Analysis (BIA) devices (Omron, 
Shelton, Connecticut, USA). Following anthropometric measurements, the participants 
were asked to lay down in bed for 10 minutes and then fitted with the potable metabolic 
analyzer (i.e., Oxycon Mobile) to measure resting energy expenditure (REE) for 15 
minutes. REE measurement was performed in the morning (i.e., 6 – 9 am) after a 10-hour 
fast , following previously published guidelines [9].  
 For the second visit (i.e., one week after the first visit), the participants were fitted 
with the portable metabolic analyzer and the eight activity monitors. The BMF monitor 
was worn on the non-dominant arm. The DL monitor was worn on the chest with a 
necklace. The NikeFuel band and Jawbone Up were worn on the left wrist, and the Basis 
B1 Band was worn on the right wrist. All other monitors (i.e., FO, FZ, and ACT) were 
positioned along the belt according to the manufacturer’s instructions. All instruments 
were synchronized and initialized using the participant’s personal information (age, 
gender, height, weight, handedness and smoker/non-smoker) prior to the measurements. 
The test was performed at various times of day; however, participants were asked to 
abstain from eating and exercise for 4 hours before the test. Each participant then 
performed an activity routine that included 13 different activities and lasted 69 minutes.  
 Participants performed each activity for five minutes, with the exception of the 
activities on the treadmill, which were three minutes. There was a 1-minute break 
between each activity to facilitate transitions and tracking of data. Oxygen consumption 
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(VO2) was simultaneously measured throughout the routine with an Oxycon Mobile (OM) 
metabolic cart. These activities were categorized into four distinct physical activity types: 
(1) sedentary (reclining, writing at a computer), (2) walking (treadmill walking 2.5 mph 
and treadmill brisk walking 3.5), (3) running (treadmill jogging 5.5 mph, running at 6.5 
mph), and (4) moderate-to-vigorous activities (ascending and descending stairs, 
stationary bike, elliptical exercise, Wii tennis play, and playing basketball with 
researchers).  
 Most of the consumer-based activity monitors do not provide direct access to the 
raw data, so estimates of EE were obtained directly from the associated websites for each 
monitor. The consumer devices also do not typically provide access to raw (e.g., minute-
by-minute) data, so the total estimates of energy expenditure across the entire period was 
used for the analyses. The ActiGraph allows easy access to the raw movement counts, so 
data from this monitor were processed using standard methods and aggregated to produce 
estimates for the same period. The latest Freedson algorithm (2011) was used to obtain 
the estimate energy expenditures.   
Data Analyses 
 Breath-by-breath data from the indirect calorimetry were aggregated to provide 
average minute-by-minute values to facilitate integration with the estimates of EE from 
each monitor. Evaluation of the entire monitoring period was necessitated by the 
limitations of some of the software applications that do not report data on a minute-by-
minute basis (several provided only estimates of total EE). The primary statistical 
analyses involved evaluating overall group differences in EE estimates from the eight 
methods across the entire monitoring period (69-min trial). While this prevents an 
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analysis of individual activities, the evaluation over the full monitoring period provides a 
more ecologically valid assessment of what the monitors do under real-world conditions. 
Many validation studies have focused exclusively on point estimates of individual 
physical activities, but the most important consideration is how the devices perform 
during a sustained period of monitoring.  
Each monitor utilizes different outcome measures to summarize the data. Several 
of the monitors provide estimates of total EE (i.e., BodyMedia Fit, Fitbit One, Fitbit Zip, 
and Basis B1 Band); however, several others report estimates of activity EE (i.e., 
NikeFuel Band, DirectLife, Jawbone Up, and ActiGraph). To provide comparable 
estimates, it was necessary to add resting EE (REE) to the Activity EE (AEE) values 
from some of the estimates. The measured REE obtained prior to the activity protocol 
was only added to the outcome data from monitors that specifically report AEE rather 
than TEE (i.e., NikeFuel Band, DirectLife, Jawbone Up, and ActiGraph).    
 Descriptive analyses were conducted to examine associations with the criterion 
measure. Pearson correlations were computed to examine overall group-level associations. 
Mean absolute percent errors (MAPE) were also calculated to provide an indicator of 
overall measurement error. This is a more conservative estimate of error that takes into 
account both over-estimation and under-estimation, since the absolute value of the error 
is used in the calculation. 
A novel, statistical approach employed in this study was the use of “equivalence 
testing” [10, 11] to statistically examine measurement agreements between the activity 
monitors and the OM. In traditional hypothesis testing, the focus is on testing for a 
significant difference. Failing to reject the null hypothesis (e.g., that two methods are not 
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different) allows one to report that there is no evidence of a difference. However, this 
does not necessarily imply that the estimates are equivalent [12]. Utilizing an equivalence 
test, it is possible to determine whether or not a method is “significantly equivalent” to 
another method (i.e., OM). With this type of analyses, it is important to specify an 
appropriate equivalence zone prior to testing. There is no definitive standard but we 
selected a 10% error zone. With a 95% equivalence test (i.e., an alpha of 5%), an estimate 
is considered to be equivalent to the criterion-measured value (with 95% precision), if the 
90% confidence interval (CI) for a mean of the estimated EE falls into the proposed 
equivalence zone (i.e., ±10% of the mean) of the measured EE from OM. The estimated 
EE and measured EE data across all monitors, and the 90% CIs for means of the 
estimated and measured EE were obtained from a mixed ANOVA to control for 
participants’ level clustering.  
 To further evaluate individual variations in a more systematic way, Bland-Altman 
plots with corresponding 95% limits of agreement and fitted lines (from regression 
analyses between mean and difference) with their corresponding parameters (i.e., 
intercept, slope) were presented. A fitted line that provides a slope of 0 and an intercept 
of 0 exemplifies perfect agreement. Root mean square error (RMSE) and the percentage 
of the RMSE relative to the measured value were calculated for each device to enable 
comparisons with previous studies.  
Results 
 Descriptive statistics for the sample population are provided in Table 1. 
Participants’ ages ranged between 18-43 years. Body mass index and percentage of body 
fat ranged between 19.5 – 28.0 kg·m2 and 5.7 – 31.7%, respectively.    
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 Table 2 illustated total EE values (means ± SD) were 356.9 ± 67.6, 271.1 ± 53.8, 
350.2 ± 41.8, 320.4 ± 51.8, 330.9 ± 55.0, 370.1 ± 51.5, 338.8 ± 66.1, 338.9 ± 59.4, 326.2 
± 64.7 kcal for OM, BB, NFB, DL, FO, FZ, JU, BMF, and ACT, respectively. 
Table 3 shows the correlation coefficients (r) between indirect calorimetry (IC) 
and consumer activity monitors. The strongest relationship between IC and the monitors 
were seen for the BMF (r = .84) and the two Fitbit monitors (FO: r = .81 and FZ: r = .81). 
These monitors were also highly correlated each other (BMF vs. FO: r = .90). The 
correlation coefficients for the other monitors ranged from r = .14 to r = .73, when 
compared to the criterion measure (i.e., oxycon mobile)   
 Figure 1 shows the mean absolute percent errors (MAPEs) for the various 
monitors (computed as the average absolute value of the errors relative to the Oxycon 
Mobile). The magnitude of errors was least for the BMF (9.34%), followed by the FZ 
(10.08%) and the FO (10.41%). Error rates for the other monitors ranged from 12.18 to 
23.49%. 
 The use of equivalence testing made it possible to determine if the EE estimates 
from the monitors were equivalent to the estimate from the criterion measures (OM). The 
calculated 90% CIs for the estimates from the monitors were compared to the computed 
equivalence zone for the OM. The estimated EE from the BMF, FZ, and NikeFuel band 
(NFB) were significantly equivalent to the measured EE from the OM. This is shown by 
the fact 90% CIs for the estimated EE from the three monitors were completely within 
the equivalence zone of the measured EE (lower bound: 321.237 kcal, upper bound 
392.623 kcal). Plots showing the distribution of error for all monitors are shown in Figure 
2.  
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 Bland Altman plots analyses showed the distribution of error and assist with 
testing for proportional systematic bias in the estimates. The plots show the residuals of 
the various EE estimates on the y-axis (OM – estimates) relative to the mean of two 
methods (x-axis). The plots (see Figure 3) revealed the narrowest 95% limits of 
agreement for the BMF (range; 143.3) and slightly higher values for the FO (range; 
155.9), and FZ (range; 156.8). Values were higher still for the DL (range; 182.9), the JU 
(range; 188.6), the ACT (range; 193.4),the NFB (range; 259.1), and the Basis (range; 
327.2).  A tighter clustering of data points about the mean for BMF, FZ, FO, and JU, and 
less overall error were observed, compared with the measured EE values. The slopes for 
the fitted line were not significant for BMF (slope: -0.13, p-value: 0.074), JU (slope: 0.03, 
p-value: 0.80), ACT (slope:-0.05, p-value: 0.654), and BB (slope:-0.42, p-value: 0.086). 
This suggests no significant patterns of proportional systematic bias were observed with 
the BMF, JU, ACT, and BB. However, significant errors were found for NFB (slope:-
0.68, p-value: 0.001), DL (slope:-0.31, p-value: 0.003), FZ (slope:-0.29, p-value: 0.0001), 
and FO (slope:-0.22, p-value: 0.010).   
Discussion 
 The present study investigated the accuracy of a variety of consumer-based 
activity monitors for estimating EE in healthy adults under semi-structured free-living 
conditions. The results showed favorable outcomes for the estimation of energy 
expenditure from some, but not all, of the various consumer-based activity monitors. 
With the exception of the Basis B1 band, the majority of the monitors yielded reasonably 
accurate estimates of EE compared to the OM values (within about 10-15% error). Of the 
eight monitors tested, the BodyMedia FIT had the highest correlations with OM (r = .84), 
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the smallest MAPE value (9.3%), the smallest RMSE value (36.8 kcal), the lowest 95% 
limits of agreement (143 kcal), and no evidence of proportional bias.  
 The favorable results for the BodyMedia FIT device likely stemmed from the 
usage of the same underlying measurement technology as the established SenseWear 
Mini. A recent doubly-labeled water study (DLW) [13] demonstrated the SenseWear 
Mini yielded EE estimates within 22 kcal/day, based on group averages. The absolute 
error rates in the DLW study were approximately 8% for both the BodyMedia Mini and 
the earlier SenseWear monitor. The error rates in the present study were comparable 
(~9%), which indicates the consumer monitor is providing similar accuracy as the 
established research device. The criterion measures in the two studies but the results are 
also consistent with other laboratory studies that have supported the validity of the 
Sensewear monitor. The robust predictive accuracy of the BodyMedia FIT (and the 
SenseWear) likely stems from the incorporation of both movement data and heat-related 
data in the prediction algorithm. All other devices utilized a single input source to 
evaluate the associated EE with activity (e.g. steps, counts, HR, speed). While the 
BodyMedia FIT yielded the best overall results, the FB monitors also performed well in 
this study. The FB had high correlations with OM and also with the BMF monitors. It 
also had similar values for MAPE (FO: 10.08% and FZ: 10.08%) and RMSE (FO: 40.11 
kcal and FZ: 40.75 kcal) and slightly higher limits of agreement in the Bland Altman 
plots as the BodyMedia FIT.  
 As mentioned, few studies have assessed any of these devices, but some 
comparison can be made with findings from a recent study [8] that reported the accuracy 
of some of the same consumer-based activity monitors compared to a room calorimeter. 
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The reported RMSE% error of 17.9% for the DirectLife is similar to the value obtained in 
the present study (14%). However, the comparison study [8] reported an RMSE% error 
of 28% for the Fitbit Ultra and 27% for the ActiGraph, using the standard Freedson 
equation. These values were considerably higher than reported in our study. However, the 
mean RMSE was reduced to 12.9% for Fitbit monitor after the performed activities were 
manually entered into the web-based software. The additional information about the type 
of activity likely allowed a more appropriate algorithm to be used for the estimation. 
However, no information was typed in to facilitate the estimation in our study and it 
yielded similar RMSE values (FO: 15.2 %; FZ: 15.4%). It is not clear how the FB works 
but estimates may be enhanced by the inclusion of an altimeter sensor to capture altitude 
changes. This additional sensor may assist in capturing the increased energy cost of some 
activities (e.g., stair climbing), however it is premature to draw firm conclusionis about 
the overall accuracy of the FB until additional testing is performed.    
 A unique advantage of the present study is the inclusion of an established research 
monitor into the protocol for comparison. The ActiGraph has been used in hundreds of 
studies and provides a useful comparison for the consumer models. In the present study, 
the ActiGraph provided similar EE estimates (MAPE = 12.6%) relative to the consumer-
based activity monitor. It is impressive for consumer-based monitors to perform similarly 
(or better) than a research-based device, but the values reported here for the ActiGraph 
are actually considerably better than past research. Previous studies [14-16] with the 
ActiGraph have shown errors ranging from 4.5 to 29.4% for estimating EE (METs). The 
present study used a newly developed equation (Freedson 2011) and a new version of the 
ActiGraph monitor (GT3X+), so the improvements in the present study may reflect these 
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changes. Direct comparisons between old and new Actigraph monitors may be needed to 
more clearly determine whether the new features have contributed to improvements in 
accuracy.  
 Overall, the performance of these consumer-based monitors is impressive as most 
had MAPE values between 10 and 15%. The results are especially impressive, 
considering the diverse range of activities tested in the study. The protocol was designed 
to include typical activities that would be reflective of normal adult behavior, but 
accelerometry-based monitors generally have a hard time capturing activitie (i.e., upper 
body movement, cycling activity, and weight bearing activity). It is possible the monitors 
over-estimated some activities and under-estimated others, but the overall estimates were 
reasonable, considering the inherent challenges of assessing physical activity. Previous 
research [17, 18] has consistently demonstrated higher correlations with VO2 (range: r = 
0.85 – 0.93) under laboratory conditions, but lower correlations under free-living 
conditions (r = 0.48 – 0.59). The correlations in the present study ranged from 0.13 to 
0.84 and were generally consistent with the values reported with other research-based 
monitors. The reason free-living activities are more difficult to assess is because lifestyle 
activities require considerable upper body movement that may not be captured  by a 
monitor (i.e., weight lift, gardening, vacuuming, etc.). In addition, the equations 
developed for traditional accelerometers (i.e., ActiGraph and ActiCal)  have typically 
employed treadmill equations that have been shown to underestimate EE with an 
estimated range from 31 to 67% lower than measured values [19, 20]. Additional 
research is clearly warranted to compare results with other research monitors, with 
different activities, sample populations, and criterion measures. 
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The results of this study add to the existing literature on accelerometry-based, 
activity monitors and also provide new insights about these consumer-based monitors. 
Previous research [21, 22] has demonstrated clear limitations with the use of standard 
accelerometry-based, activity monitors for assessing energy expenditure under free-living 
conditions. The limitation would seem challenging to overcome, since there is no single 
regression equation that can be used in accelerometry-based devices to adequately 
capture the EE cost for all activities. However, the tendency for “reasonable” accuracy 
for many of the monitors (i.e., MAPE values of 10-15%) suggests the monitors may be 
employing more robust pattern recognition approaches than previously appreciated. As 
described, the BodyMedia FIT is based on the existing pattern recognition algorithms 
used in the established SenseWear monitor. However, the comparable performance of 
some of the other accelerometry-based monitors suggest that these other devices may be 
employing similar or analogous machine learning techniques that enable classification of 
underlying activity patterns. A previous study supports the idea employing a pattern 
recognition technique improved the overall EE estimate by up to 1.19 MET, compared to 
the Freedson regression equation [23]. 
 A challenge when interpreting the present results is that there were some 
seemingly discrepant findings in the outcomes. The NFB, for example, was found to 
produce accurate group level estimates (based on the equivalency test) but low 
correlations were observed between the NFB and the OM. It is hard to reconcile these 
findings since low correlations would indicate weak overall agreement in the output. It is 
possible that the estimates ended up good by chance so caution should be used when 
interpreting these findings with the NFB. The Bodymedia FIT had consistently strong 
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outcomes as well as strong correlations so stronger confidence can be placed in these 
outcomes and the validity of the monitor. 
However, another important consideration when evaluating these devices is 
whether accuracy and precision are really that important. The devices are marketed 
primarily to help prompt and promote monitoring of physical activity. The accuracy may 
not be as important as other factors, such as utility, precision, convenience, comfort, and 
functionality. Most of the monitors enable users to track their physical activity, energy 
expenditure, energy balance, and sleep efficiency through the easily accessible websites.  
 A previous study employing the PAM monitor [24] demonstrated significant 
increases in moderate PA in youth after a 3-month intervention (411 min/week; 95% CI; 
1; 824; p = 0.04). In boys, the intervention groups showed a relative reduction in 
sedentary time, compared to the control group (-1801 min/week; 95% CI; -3545; -57; 
p=0.04). This applied intervention study demonstrates consumer monitors, such as the 
PAM may have utility for promoting physical activity behavior. The monitors tested in 
the present study have not been marketed as research-grade monitors, but the present 
study supports the relative utility (and accuracy) of the various monitoring technologies. 
It may be unreasonable to expect consumer-based monitors to match the utility of other 
research-based devices, since they are developed for different purposes and with different 
constraints (ease of use and keeping costs low). Despite some limitations in the utility 
(i.e., data downloading and processing), the various monitoring technologies and 
websites all proved to be useable and intuitive. The ability to monitor energy expenditure 
or movement (even with considerable error) might still prove useful for tracking and 
promoting regular physical activity in typically sedentary adults. Additional research is 
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needed to evaluate the relative utility of these consumer-based devices for motivating 
adults to be more physically active.  
 The study provided new insights about these monitors, but it does have some 
limitations. The sample population included only healthy, young individuals within the 
normal range for body weight and body fat. Therefore, we cannot generalize these 
findings to other age groups or body sizes. In this study, we also did not assess the 
reliability of the activity monitors. In terms of equivalent testing, no agreement has been 
made on acceptable ranges of the equivalence zone. In this study, ±10% of the mean of 
the OM was utilized as a lower/upper boundary of the equivalence zone. However, more 
supportive research is needed to create agreed-upon consensus on an equivalence zone.  
 In conclusion, the present study support the validity of the BodyMedia FIT 
platform and also reveal promising outcomes for the Fitbit Zip. Results with the Nike 
Fuel Band must be viewed with caution due to the somewhat discrepant findings. Taken 
collectively, the results of the study demonstrate good potential for almost all of the 
models since the results were generally as good, or better, than the results from the 
established Actigraph monitor. An advantage of this new line of consumer-based activity 
monitors is that they offer additional online feedback and are less obtrusive than standard 
research grade devices. The monitors also provide goal setting features, tracking tools, 
and other applications (e.g., social networking links) that provide additional value to 
consumers (and potentially to researchers).  
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Tables 
Table 1. Physical characteristics of male (n = 30) and female (n = 30) subjects. 
  Male Range Female Range 
Age (yrs) 28.6 ± 6.4 18.0 – 43.0 24.2 ± 4.7 18.0 – 38.0 
Height (cm) 176.1 ± 5.4 166.4 – 186.5 166.0 ± 7.0 154.2  - 187.0 
Weight (kg) 75.4 ± 9.5 56.3 – 93.1 60.3 ± 8.6 47.6 – 85.2 
Body Fat (%) 17.7 ± 6.2 5.7 – 31.7 20.4 ± 5.8 8.3 – 35.6 
BMI (kg·m
-2
) 24.3 ± 2.6 19.5 – 28.0 21.8 ± 2.7 18.1 – 31.2 
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Table 2. Estimated total energy expenditure (kcal) with added measured resting energy expenditure.  
 
N Minimum Maximum Mean Std. Deviation RMSE (Kcal) 
OM 60 263.3 594.0 356.9 67.6 0 
Basis B1 Band 59 137.5 397.5 271.1 53.8 68.0 
NikeFuel Band* 58 281.6 488.0 350.2 41.8 64.0 
DirectLife* 59 231.0 481.8 320.4 51.8 47.0 
Fitbit One 60 248.0 470.0 330.9 55.0 40.1 
Fitbit Zip 60 275.0 526.0 370.1 51.5 40.8 
Jawbone Up* 60 218.3 535.8 333.8 66.1 45.8 
BodyMedia FIT 60 250.9 533.8 338.9 59.4 36.8 
ActiGraph* 59 170.0 496.6 326.2 64.7 47.1 
* Added measured resting energy expenditure. 
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Table 3. Correlation matrix with added measured resting energy expenditure. 
 
  
Oxycon 
Mobile 
Basis B1 
Band 
NikeFuel 
Band
a
 
DirectLife
a
 Fitbit One Fitbit Zip 
JawBone 
Up
a
 
BodyMedia 
FIT 
ActiGraph
a
 
Oxycon 
Mobile 
1 0.136 .346** .729** .808** .807** .741** .842** .722** 
Basis B1 
Band 
  1 0.254 0.122 .309* 0.161 0.135 0.24 0.174 
NikeFuel 
Band 
    1 .361** .353** 0.218 .401** .308* .402** 
DirectLife       1 .720** .642** .729** .756** .768** 
Fitbit One         1 .868** .745** .884** .796** 
Fitbit Zip           1 .741** .895** .772** 
Jawbone Up             1 .797** .648** 
BodyMedia 
FIT 
              1 .818** 
ActiGraph                 1 
** Correlation is significant at the 0.01 level (2-tailed). *Correlation is significant at the 0.05 level (2-tailed). a = denotes that resting EE was added to the estimates. 
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Figure Captions and Figures 
 
Figure 1. Mean absolute percentage error (± SD) for all monitors with measured resting 
energy expenditure (n = 60). 
 
Figure 2. Results from 95% equivalence testing for agreement in total estimated EE 
between Oxycon mobile and all monitors. 
 
Figure 3. Bland Altman plots using measured resting energy expenditures. 
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Figure 1. Mean absolute percentage error (± SD)  for all monitors with measured resting energy expenditure (n = 60). 
 
 
*Fitbit One, Fitbit Zip, and BodyMedia FIT provide total energy expenditure (REE+AEE). 
*Add measured resting EE to Activity EE provided by Basis, NikeFuel Band, DirectLife, Jawbone Up, and ActiGraph (Freedson 2011, Equation).   
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 Figure 2. Results from 95% equivalence testing for agreement in total estimated EE between Oxycon mobile and all monitors. 
 
3. Results from 95% equivalence testing of the agreement in total estimated EE between Oxycon Mobile and all monitors  
 
 
 
 
 
 
 
 
 
 
 
 
 
*Within the equivalent zone 
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Figure 3. Bland Altman plot using measured resting energy expenditure. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Measured resting value combined Measured resting EE combined 
Measured resting value combined 
Intercept:-14.25, slope: -0.03, p-value: 0.800   Intercept:-13.11 slope: -0.05, p-value: 0.654   
Intercept:69.30, slope: -0.31, p-value: 0.003   Intercept: 47.47, slope: -0.42, p-value: 0.086   
Measured resting value combined 
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Figure3. Bland Altman plot using measured resting energy expenditure (Cont.) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Measured resting value combined 
Intercept: 51.78, slope: -0.22, p-value: 0.010   Intercept: 235.82, slope: -0.68, p-value: 0.001   
Intercept: 30.36, slope: -0.13, p-value: 0.074   Intercept: 121.89, slope: -0.29, p-value: 0.001   
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CHAPTER 4  
COMPARISONS OF PHYSICAL ACTIVITY PATTERN RECOGNITION 
CLASSIFIERS AND CALIBRATION OF BUILT-IN ACCELEROMETERS IN 
SMARTPHONES  
Abstract 
 
Background: The popularity of Smartphone technology provides new opportunities for 
free-living physical activity monitoring. In fact, the inclusion of both accelerometer and 
gyroscope sensors in Smartphones may make them more effective than traditional 
accelerometry-based activity monitors. Objective: The primary purpose of this study was 
to compare different physical activity pattern recognition classifier options to determine 
the most effective approach for detecting physical activity. A secondary purpose was to 
develop algorithms to predict energy expenditure and to evaluate their utility compared to 
existing accelerometer technology. Method: Twenty-one healthy males (n=21) and 
twenty-three healthy females (n=23) wore an ActiGraph (GT3X+) monitor on a waist 
belt and placed the Samsung Galaxy S2 Smartphone in a front trouser pocket, while 
completing a variety of lifestyles and sporting physical activities (13 activities and 69 
minutes). Oxygen consumption was simultaneously measured throughout the activity 
routine by indirect calorimetry using an Oxycon Mobile (OM) metabolic analyzer. 
Accelerometer and gyroscope data from the smartphone were downloaded after each trial 
along with raw ActiGraph counts (100Hz). The mean, coefficient of variance (CV), 
absolute, mean + vector magnitudes, and standard deviation for each activity were first 
extracted from each axis of acceleration and the gyroscope. The WEKA machine learning 
toolkit was then utilized to evaluate various methods available to detect and classify 
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patterns in the data. A variety of machine learning techniques were directly compared 
including NaiveBayes, Support Vector Machine, Random Tree, REPtree, Random 
Subspace, and Random Committee. Preliminary testing was executed with all classifiers 
offered in the WEKA software to determine the best pattern recognition classifiers with 
and without inclusion of various characteristics. Energy expenditure prediction equations 
were developed, using standard regression methods. The vector magnitude of standard 
deviation of horizontal and vertical (i.e., 5s-counts) and BMI were employed to develop 
the prediction equation. This equation was then tested on a separate holdout sample using 
equivalence testing to evaluate accuracy. Results: In the overall classification 
comparison, the best accuracy rate  (93%) was observed with Random Committee 
algorithm utilizing all features together in 5s window lengths. The estimated METs from 
Smartphone in walking 2.5 mph (90% CI: 2.85, 3.50 kcal/min) and running 5.5 mph (90% 
CI: 7.64, 8.25 kcal/min) were significantly equivalent to measured METs. None of the 
estimated MET values from the ActiGraph prediction equation (Freedson 2011) were 
significantly equivalent. The corresponding correlation coefficient was R
2
 = 0.616 for 
Smartphone and R
2 
= 0.650 for ActiGraph. Conclusions: The study demonstrated the 
Random Committee algorithm can accurately recognize physical activity patterns. The 
study also demonstrated estimates of energy expenditure from a Smartphone have 
comparable or better accuracy than a common research-grade monitors.  
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Introduction 
 Accurate and objective assessments of physical activity patterns and energy 
expenditures (EE) are required to understand does-response relationships between 
physical activity and health benefits. Accelerometry-based, physical activity devices have 
been widely employed as objective tools to assess physical activity behavior in free-
living settings. These devices provide individual’s daily physical activity (PA) patterns 
(i.e., MVPA), duration, and predicted energy expenditures.  However, there are also a 
number of well-documented limitations [19]. Accelerometers have utility for assessing 
locomotor activities, but they cannot capture the diverse range of free-living activities, 
especially activities of daily living that comprise the majority of the day. They are also 
not well-suited for capturing non-locomotor activities, such as weight bearing activities 
or cycling. Another challenge is that there is no consensus on the best procedures for 
detecting non-wear time, handling missing data, or for classifying intensities of physical 
activity. Other disadvantages include altered physical activity patterns and a cost of 
approximately $400 per monitor [20]. While considerable advances have been made, 
there is still a need for low-cost, physical activity monitoring devices that can accurately 
capture physical activity patterns. 
  A promising option may be building functions and prediction equations, based on 
embedded sensors and technology in current Smartphone. Estimates suggest, worldwide, 
more than 6.2 billion people carry a Smartphone throughout the day. In the United States, 
114 million Americans were estimated using Smartphones (as of July 2012) [21]. Most 
Smartphones have many powerful and diverse sensors, including GPS sensors, vision 
sensors (i.e., cameras), audio sensors (i.e., microphones), light sensors, temperature 
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sensors, direction sensors (i.e., magnetic compasses), gyroscope, and acceleration sensors 
(i.e., accelerometer). The array of available sensors is considering that many similar 
sensors are included in other health and activity-monitoring devices. With calibration and 
development, these sensors could potentially be used to identify an individual’s activity, 
context, and situation.  
 A number of studies [22-28] have investigated the potential for using multiple, 
wearable accelerometers placed on several parts of an individual’s body to detect a range 
of daily activities (i.e., walking and running). Bao and Intille [23] employed five 
accelerometers placed on an individual’s several body parts with twenty participants. The 
highest recognition accuracy observed in the study (84.26%) was reported with the 
combination of thigh and wrist acceleration data. However, there are limited studies 
exploring activity recognition with the built-in accelerometer in a Smartphone. Wu et al. 
[29] examined the validity of the iPod Touch (Apple, Inc., Cupertino, CA) placed in an 
armband for jogging and in a front shorts pocket for all other activities from sixteen 
participants. Their analyses evaluated the performance of a variety of machine-learning 
algorithms. The results indicated the k-Nearest Neighbor (kNN) approach produced the 
best classification accuracy for walking at different paces (90.1-94.1%), jogging (91.7%), 
and sitting (100%). However, lower classification accuracy was observed with stair 
walking (ranging from 52.3 to 79.4%). Lee et al. [30] analyzed acceleration data using 
Android HTC Desire Smartphone with three participants. This study reported better 
accuracy with a hidden Markov Model, compared to an artificial neural network [10]. 
However, the researchers suggested the classification accuracy in their stair climbing 
activities (up: 75% / down: 55%) were difficult to classify using a built-in accelerometer 
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in a Smartphone. Yang [31]  examined the classification accuracy with an accelerometer-
enabled Smartphone and suggested that decision tree algorithm was the best performance 
among four commonly used static classifiers. The limited sample sizes of 3-4 participants 
in several studies [30, 31] make it difficult to draw any firm conclusions.  
 The results described above suggest some potential for classifying activity with 
Smartphones but there is currently no consensus on the best approach. Another limitation 
with previous studies is that they have only utilized data from the accelerometer sensors. 
In particular, the incorporation of data from gyroscope sensors may dramatically improve 
accuracy for classifying physical activity. The present study fills these gaps by 
systematically testing different classification algorithms for detecting physical activity, 
using combined data from accelerometer and gyroscope sensors. Another unique feature 
of this study is that the utility of this approach was directly compared to an existing 
accelerometer device. This component required a separate calibration phase that 
produced estimates of energy expenditures from the detected activities and then a cross 
validation phase to compare the accuracy with existing technology.   
Methods 
Participants  
 Sixty healthy men (n=30) and women (n=30) volunteered to participate in the 
study. Participants did not have major diseases or illnesses, did not use medications that 
would affect their body weight or metabolism, and were nonsmokers.  Individuals were 
recruited from within the university and surrounding community through posted 
announcements and word-of-mouth.  Approval from the Institutional Review Board of 
Iowa State University was obtained before beginning of this study. Participants were 
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aware of the procedures and purpose of the study before they signed the informed consent 
document. 
Instruments 
Oxycon Mobile 5.0 (OM) 
 The OM (Viasys Healthcare Inc., Yorba Linda, CA) is a portable metabolic 
analyzer that allows measuring oxygen consumption under free-living conditions, and 
was utilized in this study as the criterion measure. In a recent validation study, the OM 
provided similar metabolic parameters (VE, VO2, and VCO2) compared to the Douglas 
bag method. Mean differences reported in the study were in all cases lower than 5% [3]. 
Expired gases were collected using Hans Rudolph masks (Hans Rudolf, Inc., Kansas City, 
MO). Volume and gas calibrations were performed before each trial, following 
manufacturer recommendations. 
Smartphone, [Samsung Galaxy S2 (Samsung Electronics Co., Ltd., Suwon, South Korea)] 
 The Samsung Galaxy S2 uses Google’s Android mobile operating system 
equipped with a built-in accelerometer and gyroscope. It is designed, developed, and 
marketed by Samsung Electronics. This phone is small, 125.3 × 66.1 × 8.5 mm and light 
weight, 116 grams. By using a STMicro combination sensor featuring a digital tri-axial 
accelerometer and a 3D digital gyroscope, this phone eliminates a socket.  
ActiGraph GT3X+ (ACT) 
 ActiGraph GT3X+ (ActiGraph, Pensacola, FL, USA) is the most commonly used 
accelerometer to assess physical activity under free-living conditions. It is marketed 
exclusively as a research instrument and has been used in numerous research studies to 
provide objective estimates of physical activity. The latest version of the ActiGraph 
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(GT3X+) features a tri-axial accelerometer. Prior to each data collection, the ActiGraph 
was initialized, according to manufacturer specifications.    
Accmeter Application  
 The Accmeter application (Accmeter, Maeji, Yonsei University, South Korea) is a 
customized Smartphone application developed by the Department of Biomedical 
Engineering, Yonsei University, South Korea. The Accmeter application automatically 
records acceleration and gyroscope data using an external SD card inserted into the 
Smartphone. All data store in the file are recorded with an indicator of the system’s 
current time, plus X, Y, Z values for each sensor in comma separated values file.  
Procedures 
 Participants reported to the laboratory on their scheduled day of testing and were 
instructed on the characteristics of the study before signing an informed consent and 
completing a self-report health history questionnaire. For the first visit, anthropometric 
measures were obtained at the beginning of the data collection session. Standing height 
was measured to the nearest 0.1 cm with the use of a wall mounted Harpenden 
Stadiometer (Harpenden, London, United Kingdom), using standard procedures. Body 
mass was measured by participants in light clothes and bare feet on an electronic scale 
(Seca 770) to the nearest 0.1 kg. The body mass index (BMI) was calculated as weight 
(kg) per squared height (m
2
). Percentage of body fat was assessed, using a handheld Bio-
impedance analysis [32] device (Omron, Shelton, Connecticut, USA). Following 
anthropometric measurements, the participants were asked to laid down in bed for 10 
minutes and then fitted with the potable metabolic analyzer (i.e., Oxycon Mobile) to 
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measure resting energy expenditure (REE) for 15 minutes. REE measurement was 
performed after a 10-hour fast, following previously published guidelines [33].   
 For the second visit (i.e., one week after the first visit), the ActiGraph was 
attached with an elastic belt fastened around the waist and the Oxycon Mobile was 
attached to each participant. The Samsung Galaxy Smartphone was placed in the front 
trouser pocket. The Accmeter application (Accmeter, Maeji, Yonsei University, South 
Korea) was turned on simultaneously with the Oxycon Mobile to synchronize the start 
time and data set. The test was peformed at various times of day; however, participants 
were asked to abstain from eating and exercise for 4 hours before the test. Participants 
performed an activity routine that included 13 different activities and lasted 69 minutes. 
The activities were categorized into four distinct physical activity types: (1) sedentary 
(reclining, writing at a computer), (2) walking (treadmill walking 2.5 mph and treadmill 
brisk walking 3.5), (3) running (treadmill jogging 5.5 mph, running at 6.5 mph), and (4) 
moderate-to-vigorous intensity (ascending and descending stairs, stationary bike, 
elliptical exercise, Wii tennis play, and playing basketball). Participants performed each 
activity for five minutes, with the exception of all activities on the treadmill (three 
minutes). There was a 1-minute break between each activity.  
Data Processing and Feature Extraction 
 A customized data application (i.e., Accmeter) was utilized to extract raw data at 
50 Hz (i.e., Accelerometer and gyroscope) from the Samsung Galaxy II Android 
Smartphone. The data were stored in a comma separated values file for each participant 
and downloaded to a computer via a USB cable. Breath-by-breath data from the indirect 
calorimeter were downloaded and aggregated to provide average 5-second values to 
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facilitate integration with the estimates of MET from ActiGraph and Smartphone. Two 
different sets of ActiGraph data were downloaded from ActiLife software: 69 minutes of 
raw data (100 Hz) and 5-second averaged data. 
 The resulting data files containing 3-axis accelerations and 3-axis rotation rates 
recorded at a time instant (50 samples per second) were interpreted as “samples”. The 
minute data (3000 samples per minute × 69 minutes) were segmented into non-
overlapping sliding windows. This segmentation process partitions the acceleration and 
gyroscope data in consecutive windows of fixed and specific lengths so features 
summarizing the mathematical properties of the data can be computed. Various lengths of 
window sizes were experimentally compared at 1.5, 2, 5, 10, and 15 seconds.  
 Accelerometer and gyroscope data from Smartphone sensors contain much hidden 
information and noise. The useful hidden information from the data can be found using 
feature extraction. In addition, this helps to eliminate the noise in the raw data from the 
data collection process. Easily computed “features” which can be implemented on the 
phone with minimal computation complexity were included with the acceleration and 
gyroscope data to help capture specific movement characteristics. In this study, key 
features extracted included the mean, coefficient variance, vector magnitude, standard 
deviation, mean + vector magnitude, and absolute values for each axis of acceleration and 
rotation rate from gyroscope for each window length. 
 The mean for each axis (X-axis, Y-axis, and Z-axis) of acceleration, the mean 
for each axis (X-axis, Y-axis, and Z-axis) of rotation rate from gyroscope.   
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 The overall acceleration vector magnitude (computed as the squared root of 
√(xi
2
+y i
2
+ zi
2
) in the sliding window) was obtained for the accelerometer and 
gyroscope data.  
 Standard deviation was calculated for each axis (X-axis, Y-axis, and Z-axis) of 
acceleration, the mean for each axis (X-axis, Y-axis, and Z-axis) of rotation rate 
from gyroscope. 
 Coefficient of variation was obtained for the accelerometer and gyroscope data 
(i.e., the standard deviation divided by the mean for each axis). 
 Calculated mean and vector magnitude values were used as a combined feature. 
 The Waikato Environment for Knowledge Analysis (WEKA) machine learning 
toolkit [34] was utilized to train and compare different classifier options (e.g., Naïve 
Bayes, support vector machine, REPtree, Random Tree, Random Subspace, and Random 
Committee). For all classifiers, the default WEKA setting was used and the 10-fold cross-
validation was employed in all experiments using various window periods. The ability of 
the machine-learning techniques to identify activity types was evaluated by calculating 
the percentage of time segments correctly classified (percent agreement). Confusion 
matrices were provided to summarize the frequency with which one activity class was 
misclassified as another with prediction group of samples (i.e., n=44).  
Calibration and Cross Validation of Energy Expenditure 
Data from the first twenty-two participants (i.e., balanced on gender) (male = 11 
and female = 11) were used to develop the prediction equation to estimate energy 
expenditure. The collected accelerometer and measured energy expenditure data were 
aggregated in 5-second intervals. Twelve minutes of treadmill walking and running (i.e., 
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2.5, 3.5, 5.5, and 6.5 mph) data were extracted from the raw data to develop a prediction 
equation. Automatic linear modeling in SPSS (SPSS Inc., Chicago, IL) was employed to 
produce mapping between acceleration and measured energy expenditure in MET 
(Metabolic equivalent of task). The extracted feature (i.e., The vector magnitude of 
standard deviation of horizontal and vertical) and participants’ anthropometric 
information (i.e., BMI) were used as independent variables.  
Separate data on another set of twenty-two participants was used for a cross 
validation analyses. The data from this holdout sample were used to evaluate the utility of 
the Smartphone energy expenditure algorithms across the whole 69-minute protocol. In 
addition, a comparison was made to estimate MET using between Smartphone and 
ActiGraph (Freedson equations 2011). Since ActiGraph provides the Activity MET 
values from the equation, the measured resting MET values were subtracted from the 
estimated MET from the developed equation for the comparison.  
 A novel statistical approach, called “equivalence testing” [10, 11], was utilized to 
examine measurement agreement between the estimated METs and measured METs. 
Typical hypothesis tests comparing two methods employ a null hypothesis specifying 
equal means. In this case, the researcher can only determine whether or not there is 
evidence that the means are different. However, the equivalence test hypothesis employs 
a null hypothesis that specifies unequal means. In this case, the null hypothesis implies 
the difference between means is greater than some of the proposed equivalence zone (i.e., 
±10% of the mean) defined by a researcher prior to experimentation.  In the present study, 
a 95% equivalence test (i.e., an alpha of 5%) was used to evaluate whether the estimated 
MET from the various monitors was equivalent to the measured MET. In this case, an 
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estimate is considered to be equivalent to the criterion measured value (with 95% 
precision), if the 90% confidence interval [35] for a mean of the estimated MET fell 
within a proposed equivalence zone (i.e., ±10% of the mean) of the measured MET from 
OM. The estimated MET and measured MET data across all the monitors, and the 90% 
CIs for means of the estimated and measured MET were obtained from a mixed ANOVA 
to control for participants’ level clustering.  
 Pearson Product-Moment correlations were computed to evaluate the strength of 
the linear relationship between estimated MET and measured MET. The accuracy of the 
MET algorithms was evaluated by calculating the average difference between observed 
and predicted MET values (mean bias) and the root mean square error (RMSE) was 
calculated for each method. Bland-Altman plots with corresponding 95% limit of 
agreement and fitted lines (from regression analyses between mean and difference) with 
their corresponding parameters (i.e., Intercept, slope) were presented. Perfect agreement 
would be identified with a fitted line that provides a slope of 0 and an intercept of 0.  
Results 
 Participants’ characteristics are summarized in Table 1. Participants’ ages ranged 
between 22-43 years and varied in body fat percentage (range: 5.7% - 31.7%). Initially, 
sixty healthy men (n=30) and women (n=30) participated in the study, but a total of forty-
four participants, twenty-one males (n=21) and twenty-three females (n=23), were used 
in the final data analysis. Eighteen subjects’ data were excluded because the Smartphone 
application often turned off during data collection (i.e., incomplete data set).  
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Evaluation of Activity Classification 
 Table 2 shows the summary results for the comparison of classification accuracy 
with accelerometer data from the Smartphone. This table specifies the predictive 
accuracy associated with each of the classifiers, window sizes, and features. The most 
accurate classification (92.3%) was observed using a Random Committee algorithm, with 
recognition accuracies ranging from 85.8% (over ground walking with a backpack) to 
98.1% (typing). An overall accuracy of 88% was found using the Random subspace 
classifier, with the accuracies ranging from 78.9% (over ground walking) to 95.9% 
(supine position). The best accuracy for the rest of the classifiers, NaiveBayes (Appendix 
Table 5), Support Vector Machine (Appendix Table 3), RERtree (Appendix Table 4), and 
Random tree (Appendix Table 2) were 48.5, 56, 79.3, and 82.9%, respectively. The 
confusion matrix and classification accuracy graphs were provided in the appendix for 
the additional information. 
 The comparison of classification accuracy with accelerometer and gyroscope data 
is illustrated in Table 3. The best performance classifier was the Random Committee 
approach, using all features and a 2-second window length (93.3%). The overall 
classification accuracies improved by 1.0% (from 92.3 to 93.3%), compared to the 
accuracies only using accelerometer data. The overall accuracies using the feature of 
mean + Vector magnitude showed 89.8%, improved by 4.7% compared to Random 
committee algorithms, using accelerometer data (84.8%). Confusion matrices for the best 
performance classifiers are shown in Tables 4 and 5. The letters (i.e., a, b, c, and etc.) 
correspond to activities indicated in Figure 1.     
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Calibration and Cross Validation 
 Table 6 presents the results from the 95 % equivalence testing for agreement for 
each activity in the estimated MET between Oxycon Mobile and ActiGraph. The use of 
equivalence testing made it possible to determine if the estimates from the ActiGraph 
monitor were equivalent to the estimate from the criterion measures (OM). The 
calculated 90% CIs for the estimates from the monitors were compared to the computed 
equivalence zone for the OM. None of the estimated MET estimates from the Actigraph 
(using Freedson equation, 2011) were significantly equivalent to the OM for the group-
level comparisons. This is evident by the fact none of the 90% of CIs of the estimated 
METs were completely included with the equivalence zone for the OM. However, the 
estimated METs from the Smartphone for walking 2.5 mph and running 5.5 mph were 
significantly equivalent to the measured EE from the OM. This is shown by the fact that 
the 90% CIs for the estimated EE for these activities were completely included within the 
equivalence zone of the measured EE. Plots showing the distribution of error for all of the 
activities are presented in Figure 3 and 4. Root mean square errors (RMSE) are shown in 
Figure 7. In general, RMSE are smaller for all walking related activities; 0.67 MET for 
walking 2.5 mph, 1.22 MET for walking 3.5 mph, 0.82 MET for over ground walking, 
and 1.07 MET for walking with backpack, and are higher for sedentary activities (supine: 
2.14 MET and typing 1.59) and running activities (running 5.5 mph; 2.28 MET and 
running 6.5 mph; 2.35 MET) in estimated MET from the Smartphone.   
 The correlation between measured MET and estimated MET from ActiGraph is 
R
2
 = 0.650, illustrated in Figure 5. Figure 6 shows that the correlation between measured 
MET and estimated MET from the developed equation using the Smartphone is R
2
 = 
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0.616. Bland Altman graphical plot analyses (Figure 8) show estimated MET from the 
Smartphone (range; 5.8) showed relatively narrower 95% limits for agreement in 
comparison with an estimated MET from ActiGraph (range; 7.3). The slopes of the fitted 
line were significant for both the Smartphone (slope: 0.66, p-value: p>0.001) and the 
ActiGraph (slope: 0.34, p-value>0.001). This implies some degree of proportional bias 
for both estimates.   
Discussion 
 This present study is one of the few known experiments to develop and test a 
predictive model which utilizes a built-in accelerometer and gyroscope sensor in a 
commercially-available Smartphone. The comparison to the ActiGraph monitor 
(Freedson equation 2011), commonly used in the study of physical activity assessment as 
an objective measurement tool, provides greater insight into the utility and feasibility of 
the Smartphone for physical activity monitoring studies.  
 This study demonstrates that a Smartphone (as a physical-activity, monitoring 
device that combines an accelerometer and gyroscope sensor) can accurately and 
precisely classify daily physical activity. The comparison between the classifiers 
indicated the best results were provided using the Random committee classifier (93.3%). 
The accuracy of the classifier is highly consistent with those in earlier works using 
wearable accelerometer sensors. For instance, Bonomi et al. [36] employed one tri-axial 
accelerometer mounted on a subject’s lower back and reported the overall classification 
accuracy of 93.1% for daily physical activity using 6.4s window size and the features of 
the standard deviation in the vertical axis. However, limited accuracy for standing was 
observed (59%).  
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Similar to this present study, Kwapisz et al. [37] examined an Android-based 
Smartphone, while performing certain everyday activities to classify activity patterns 
with 29 subjects. These subjects carried the Android phone in their trouser leg front 
pocket and performed walk, jog, ascend/descend stairs, sit, and stand activities for certain 
periods of time. The researchers found the multilayer perceptron classifier performed best, 
but the climbing up/down stair activities were difficult to recognize (downstairs; 44.3% 
and upstairs; 61.5%). Stair activities have been difficult to recognize with previously 
utilized classifiers (i.e., J48, decision Tree, Logistic regression, and NaiveBayes). Similar 
recognition accuracies in the present study were also observed for stair activities with 
other classifiers (support vector machine 44.4%, RERtree 64.6%, and NaiveBayes 33.6% 
(see appendices). However, the results of the present study are particularly interesting, 
since the accuracy for climbing stairs was 87.6% and 84.6%, utilizing Random 
Committee classifier and Random Subspace, respectively. In general, utilizing all 
features tended to contribute to the best accuracy and mean + vector magnitude feature 
had the second best features in the study. Among the five different window sizes, the 
highest accuracy observed used 5-second window lengths.  
 Several studies [29, 38, 39] examined the gyroscope sensor for classification 
accuracies of physical activity. Wu et al. [29] suggested the improvement of accuracy 
was found by adding the gyroscope data to accelerometer data ranging from 3.1 to 13.4%. 
Consistent with the present study, utilizing the additional gyroscope data appeared to 
have an improvement in activity classification. The overall average accuracies regardless 
of each feature and window size improved 7.1%. These experimental results could 
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suggest the orientation change of the Smartphone can be useful information and a strong 
compatible data source to the accelerometer.  
 A unique aspect of the present study is the direct evaluation of the utility of a 
Smartphone compared with other monitoring technologies. With regards to the estimation 
of physical activity energy expenditures (METs), the results from the cross-validated 
samples (n=22) indicated that the developed equation shows relatively low root mean 
square errors for ambulatory-related activities, compared to the ActiGraph monitor. The 
estimated Smartphone MET values for walking (2.5 mph) and jogging (5.5 mph) were 
determined equivalent to the measured MET value. However, estimates from the 
ActiGraph did not meet the criteria for equivalence. Previous studies [40] demonstrated 
the estimated MET from the Smartphone attached to the waist showed a high association 
(adjusted R
2
=0.85; Spearman correlation coefficient 0.932, 95% CI 0.931-0.933) to the 
MET estimation from the ActiGraph monitor. In addition, the other research group 
compared the wear time between the Smartphone and the ActiGraph. The percent of wear 
time between the Smartphone and the ActiGraph was 52% and 59%, respectively. In 
Donaire-Gonzalez’s study [40], the placement of the Smartphone was a pouch, attached 
to the waist. This position offers advantages in standardization, but it is not a realistic test 
since most people do not wear their phone on their belt. Our study tested a more common 
placement (in a pocket) to test utility under more real-world conditions.  
 This study was the first study to compare the validity of the Smartphone and a 
research activity monitor together with an indirect calorimeter in the free-living condition. 
Several previous studies [35] have developed equations for the Smartphone by using 
existing running and walking equations, adapted ActiGraph equations, or utilizing 
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physical activity compendium METs. However, the present study is the first study to 
systematically develop and evaluate an EE equation for the Smartphone placed in the 
front trouser pocket. While all activities were not accurately assessed, it is noteworthy 
that the results were favorable for walking and running since the equation was based only 
on these locomotor activities. The weaker results for the other activities is somewhat 
expected since it is unrealistic to expect an equation developed for locomotor activities to 
predict other activities with similar accuracy. Countless studies with accelerometry-based 
monitors have shown similar results so this should be considered when interpreting the 
results. The goal in the present study was not to develop a definitive prediction model but 
rather to demonstrate the feasibility of this method. If separate prediction models are 
developed for different detected activities it would be theoretically possible to improve 
the accuracy of overall EE estimates.  
The results clearly support continued development and refinement. The results 
achieved from the calibration of a Smartphone were as good or better than estimates 
obtained from the widely used Actigraph monitor which has been refined and tested over 
many years. The literature on accelerometry-based monitors has consistently documented 
the challenges of accurately assessing sporadic and/or free-living activities so more time 
is needed to refine methods with Smartphone sensors. The potential advantage of 
Smartphones over other accelerometry-based devices is the incorporation of other sensors. 
The gyroscope sensor, in particular, likely helped to improve the prediction since these 
made it possible to accurately detect the change in posture (reclining, sitting, and 
standing activities). The ability to detect postures may prove particularly helpful for 
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discriminating different types of sedentary behavior, but this was not explored in the 
present study.   
 The major limitations of the present study are the sample population included 
only healthy young individuals within the normal range of body weight and did not 
utilize pattern-recognition algorithms applied in this study to estimate EE. Additional 
work is clearly needed to examine the energy expenditure estimates, using pattern 
recognition algorithms, particularly employing Random Committee classifier, and to 
examine the validity of the Smartphone across a wider range of activities, over longer 
periods, and in different populations (including different BMI ranges) in free living 
conditions. In terms of equivalent testing, no agreement has been made on acceptable 
ranges of the equivalence zone. In this study, ±10% of a mean of the OM was used as a 
lower/upper boundary of the equivalence zone. However, more supportive research is 
needed to create agreed-upon consensus on equivalence zone.  
  In conclusion, the present study demonstrated the accelerometer and gyroscope- 
enabled Smartphone can be a competitive and objective tool in physical activity 
assessment field. The estimates of MET from the developed equation model provide 
valid estimates for classifying and quantifying physical activity patterns, and show 
similarities in accuracy to a broadly utilized activity monitor (i.e., ActiGraph). The new 
technology, for instance, using built-in technology in the Smartphone can open up 
unlimited opportunities in the field of physical activity assessment.  
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Tables 
Table 1. Physical characteristics of male (n = 21) and female (n = 23) subjects. 
Group for equation development       
Variable  Female (N=13) Range Male (N=10) Range  
Age (yrs) 23.2 ± 2.4 20 - 27 26.9 ± 4.3 22 - 36 
Height (cm) 169.4 ± 7.8 162.4 - 187.0 174.7 ± 6.3 166.4 - 187.0 
Weight (kg) 65.4 ± 9.9 55.2 - 85.4 73.0 ± 10.6 56.3 - 90.7 
Body Fat (%) 20.5 ± 6.4 12.4 -34.3 16.7 ± 6.7 5.7 - 31.7 
BMI (kg•m-2) 22.8 ± 3.6 18.1 - 31.2 23.9 ± 2.9 19.9 - 27.7 
Group for cross-validation 
   
Variable  Female (N=10) Range Male (N=11) Range  
Age (yrs) 23.8 ± 3.7 20 - 31 28.6 ± 8.1 18 - 43 
Height (cm) 163.9 ± 7.0 154.2 - 177.8 175.9 ± 3.5 170.4 - 182.3 
Weight (kg) 56.4 ± 7.2 47.6. - 70.6 74.6 ± 8.3 62.4 - 87.7 
Body Fat (%) 19.2 ± 5.0 8.3 -27.6 19.1 ± 5.4 12.3 - 26.1 
BMI (kg•m-2) 20.1 ± 1.48 18.1 - 23.0 24.1 ± 2.5 20. - 27.9 
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Table 2. Classification accuracy with accelerometer data from the Smartphone. 
*10-fold cross validation; Bold indicates the first best accuracy and second best accuracy in each algorithm. 
Algorithms  
  
Features 
  
Window Sizes   
1.5s 2s 5s  10s 15s 
Total 
Average 
NaiveBayes Total Feature 46.7% 47.0% 47.4% 48.5% 46.8% 47.3% 
 
Mean 21.2% 21.5% 21.8% 21.9% 21.2% 21.5% 
 
Coefficient Variance 18.9% 15.6% 19.4% 11.9% 19.1% 16.9% 
 
Absolute  30.1% 30.9% 30.6% 30.1% 30.3% 30.4% 
 
Mean + Vector Magnitude 35.8% 35.8% 37.4% 37.5% 36.4% 36.6% 
 
Standard deviation 42.3% 42.9% 44.3% 46.2% 46.1% 44.3% 
Support Vector 
Machine 
Total Feature 55.4% 55.1% 56.0% 55.5% 55.1% 55.4% 
 
Mean 9.8% 21.5% 14.1% 12.3% 9.8% 13.5% 
 
Coefficient Variance 14.1% 6.1% 7.1% 7.4% 7.2% 8.4% 
 
Absolute  32.0% 32.4% 31.7% 31.9% 32.9% 32.2% 
 
Mean + Vector Magnitude 32.1% 31.3% 30.5% 30.7% 31.0% 31.1% 
 
Standard deviation 45.6% 47.2% 49.1% 49.7% 51.3% 48.5% 
REPtree Total Feature 77.4% 79.3% 78.1% 72.9% 68.5% 72.2% 
 
Mean 49.5% 64.9% 68.5% 60.5% 49.5% 58.6% 
 
Coefficient Variance 67.0% 70.0% 70.2% 64.1% 59.0% 66.0% 
 
Absolute  55.8% 59.8% 61.9% 58.5% 51.0% 57.4% 
 
Mean + Vector Magnitude 69.4% 72.3% 72.8% 66.7% 59.3% 68.1% 
 
Standard deviation 54.8% 57.8% 61.1% 60.2% 56.7% 58.1% 
RandomTree Total Feature 78.7% 81.7% 82.9% 81.5% 79.1% 80.8% 
 
Mean 69.6% 66.1% 73.1% 74.1% 69.6% 70.5% 
 
Coefficient Variance 66.6% 70.6% 75.0% 75.3% 72.9% 72.1% 
 
Absolute  54.2% 58.0% 65.7% 68.3% 67.5% 62.7% 
 
Mean + Vector Magnitude 72.4% 75.2% 78.5% 77.1% 75.2% 75.7% 
 
Standard deviation 49.9% 53.4% 61.5% 63.6% 64.9% 58.6% 
RandomSubspace Total Feature 85.3% 86.9% 88.0% 85.9% 80.6% 85.3% 
 
Mean 62.5% 62.1% 67.3% 68.6% 62.5% 64.6% 
 
Coefficient Variance 61.2% 65.3% 71.2% 69.7% 64.8% 66.4% 
 
Absolute  52.3% 57.0% 61.8% 62.2% 59.2% 58.5% 
 
Mean + Vector Magnitude 61.7% 66.2% 72.5% 71.6% 71.7% 68.7% 
 
Standard deviation 53.8% 56.5% 60.4% 61.1% 59.2% 58.2% 
RandomCommittee Total Feature 88.3% 90.0% 92.3% 91.3% 90.6% 90.5% 
 
Mean 69.6% 66.1% 73.1% 74.1% 69.6% 70.5% 
 
Coefficient Variance 66.6% 70.6% 75.0% 75.3% 72.9% 72.1% 
 
Absolute  54.2% 58.0% 65.7% 68.3% 67.5% 62.7% 
 
Mean + Vector Magnitude 77.2% 80.8% 84.1% 84.8% 81.8% 81.7% 
 
Standard deviation 49.9% 53.4% 61.5% 63.6% 64.9% 58.6% 
  Total Average 53.6% 55.8% 58.7% 57.9% 55.7% 56.3% 
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Table 3. Comparisons of classification accuracy with the accelerometer and gyroscope data from the 
Smartphone. 
*10-fold cross validation; Bold indicates the first best accuracy and second best accuracy in each algorithm.
Algorithms  
  
Features 
  
Window Sizes   
1.5s 2s 5s  10s 15s 
Total  
Average 
NaiveBayes Total Feature 45.5% 45.0% 47.9% 49.0% 48.9% 47.3% 
 
Mean 27.7% 28.2% 28.0% 28.1% 27.7% 27.9% 
 
Coefficient Variance 19.4% 16.9% 20.2% 18.5% 23.8% 19.8% 
 
Absolute  38.0% 37.8% 36.6% 37.3% 36.1% 37.2% 
 
Mean + Vector Magnitude 37.4% 38.3% 39.3% 39.6% 38.9% 38.7% 
 
Standard deviation 43.2% 44.0% 45.8% 46.8% 49.0% 45.8% 
Support Vector Machine Total Feature 57.8% 58.5% 58.1% 57.4% 57.2% 58.0% 
 
Mean 18.1% 22.8% 21.0% 17.9% 18.1% 19.6% 
 
Coefficient Variance 11.6% 9.9% 9.5% 9.6% 13.3% 10.8% 
 
Absolute  35.0% 35.6% 35.2% 35.0% 35.7% 35.3% 
 
Mean + Vector Magnitude 33.8% 35.0% 34.3% 34.1% 32.7% 34.0% 
 
Standard deviation 49.3% 50.4% 52.9% 49.5% 51.7% 50.2% 
REPtree Total Feature 78.4% 80.1% 79.7% 72.9% 67.5% 75.7% 
 
Mean 61.3% 75.5% 74.7% 66.9% 61.3% 67.9% 
 
Coefficient Variance 73.4% 75.4% 73.0% 67.2% 61.9% 70.2% 
 
Absolute  67.5% 76.4% 70.2% 64.7% 57.5% 67.3% 
 
Mean + Vector Magnitude 73.6% 75.5% 73.8% 67.7% 60.2% 70.2% 
 
Standard deviation 65.4% 67.6% 68.7% 64.7% 60.6% 65.4% 
RandomTree Total Feature 81.2% 80.1% 82.8% 81.0% 78.4% 80.7% 
 
Mean 75.2% 78.2% 80.2% 77.4% 75.2% 77.2% 
 
Coefficient Variance 75.6% 77.9% 77.8% 75.8% 75.2% 76.5% 
 
Absolute  69.7% 78.9% 70.2% 74.1% 73.1% 73.2% 
 
Mean + Vector Magnitude 77.2% 80.2% 81.5% 78.6% 77.1% 78.9% 
 
Standard deviation 65.7% 67.6% 72.3% 70.5% 67.6% 68.7% 
RandomSubspace Total Feature 87.9% 89.7% 89.7% 86.9% 82.3% 87.3% 
 
Mean 76.2% 83.1% 82.7% 74.5% 76.2% 78.5% 
 
Coefficient Variance 76.6% 79.8% 80.9% 78.9% 75.8% 78.4% 
 
Absolute  68.5% 79.2% 77.0% 75.2% 71.7% 74.3% 
 
Mean + Vector Magnitude 80.9% 83.1% 84.9% 83.2% 78.4% 82.1% 
 
Standard deviation 65.8% 69.5% 72.2% 71.1% 68.2% 69.4% 
RandomCommittee Total Feature 90.1% 92.4% 93.3% 92.1% 91.7% 91.9% 
 
Mean 86.0% 86.5% 89.1% 87.0% 86.0% 86.9% 
 
Coefficient Variance 83.5% 85.5% 87.1% 85.9% 85.2% 85.4% 
 
Absolute  78.1% 86.8% 84.9% 84.1% 84.2% 83.6% 
 
Mean + Vector Magnitude 84.9% 88.1% 89.8% 88.4% 87.5% 87.7% 
 
Standard deviation 75.1% 78.0% 80.9% 80.8% 79.5% 78.9% 
  Total Average 62.1% 64.9% 65.1% 63.2% 61.5% 63.4% 
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Table 4. Confusion matrix for 5-sec window with all features using Random Committee (Smartphone’s accelerometer data). 
 
a b c d e f g h i j k l m 
a 97.7% 0.6% 0.0% 0.0% 0.0% 0.0% 0.9% 0.0% 0.2% 0.0% 0.4% 0.0% 0.2% 
b 0.2% 98.7% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.4% 0.6% 
c 0.2% 0.0% 97.0% 1.7% 0.0% 0.0% 0.2% 0.0% 0.0% 0.0% 0.0% 0.0% 0.9% 
d 0.0% 0.0% 3.4% 95.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 1.1% 0.4% 
e 0.0% 0.0% 0.0% 0.0% 97.2% 1.9% 0.0% 0.2% 0.0% 0.4% 0.0% 0.4% 0.0% 
f 0.0% 0.0% 0.0% 0.0% 3.0% 97.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 
g 2.3% 0.8% 0.0% 0.0% 0.0% 0.0% 89.4% 0.8% 0.9% 1.7% 0.6% 0.6% 3.0% 
h 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.9% 98.1% 0.0% 0.6% 0.2% 0.2% 0.0% 
i 0.8% 1.7% 0.0% 0.0% 0.0% 0.0% 0.9% 0.0% 89.8% 0.0% 5.5% 0.4% 0.9% 
j 0.4% 0.0% 0.0% 0.0% 0.0% 0.0% 0.9% 0.6% 0.0% 97.0% 0.2% 0.2% 0.8% 
k 0.4% 0.2% 0.2% 0.0% 0.0% 0.0% 0.6% 0.0% 7.0% 0.4% 88.8% 0.2% 2.3% 
l 0.8% 0.0% 0.0% 0.6% 1.5% 0.0% 0.6% 1.3% 0.0% 0.6% 0.0% 93.0% 1.7% 
m 4.5% 4.4% 3.0% 1.3% 0.0% 0.0% 9.7% 0.4% 4.5% 1.1% 4.7% 4.0% 62.3% 
*Correctly Classified: 92.38%. 
*Incorrectly Classified: 7.61%. 
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Table 5. Confusion matrix for 5-sec window with all features using Random committee (Smartphone’s gyroscope and accelerometer). 
 
a b c d e f g h i j k l m 
a 97.9% 0.8% 0.0% 0.0% 0.0% 0.0% 0.8% 0.0% 0.4% 0.0% 0.2% 0.0% 0.0% 
b 0.2% 99.1% 0.2% 0.0% 0.0% 0.0% 0.2% 0.0% 0.0% 0.0% 0.0% 0.4% 0.0% 
c 0.2% 0.6% 96.8% 1.7% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.6% 
d 0.0% 0.2% 2.7% 96.6% 0.0% 0.0% 0.2% 0.0% 0.0% 0.0% 0.0% 0.2% 0.2% 
e 0.0% 0.0% 0.0% 0.0% 97.7% 0.9% 0.2% 0.4% 0.0% 0.2% 0.0% 0.6% 0.0% 
f 0.0% 0.0% 0.0% 0.0% 1.7% 98.3% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 
g 0.6% 0.4% 0.0% 0.0% 0.0% 0.0% 93.6% 0.2% 0.9% 0.8% 0.8% 0.2% 2.7% 
h 0.0% 0.0% 0.2% 0.0% 0.0% 0.0% 0.2% 99.6% 0.0% 0.0% 0.0% 0.0% 0.0% 
i 0.4% 0.2% 0.0% 0.0% 0.0% 0.0% 1.5% 0.0% 88.3% 0.0% 8.3% 0.4% 0.9% 
j 0.0% 0.2% 0.0% 0.0% 0.0% 0.0% 0.2% 0.2% 0.0% 99.1% 0.0% 0.0% 0.4% 
k 0.6% 0.6% 0.0% 0.0% 0.0% 0.0% 1.3% 0.0% 8.0% 0.0% 86.7% 0.2% 2.7% 
l 0.0% 0.2% 0.2% 0.2% 0.9% 0.4% 1.1% 0.4% 0.0% 0.0% 0.0% 95.3% 1.3% 
m 4.2% 3.2% 2.3% 1.3% 0.0% 0.0% 7.6% 0.4% 4.7% 1.5% 6.4% 3.0% 65.3% 
 
*Correctly Classified: 93.4%. 
Incorrectly Classified: 6.599%. 
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Table 6. Measurement agreement between measured MET and predicted MET from the ActiGraph. 
 
ActiGraph predicted MET 
90% CI of 
predicted MET 
Equivalence zone of 
measured MET 
Oxycon Mobile  
measured MET 
RMSE 
Activity  Mean SE 
Lower 
bound 
Upper 
bound 
Lower 
bound  
Upper 
bound 
Mean SE Mean 
Walking 2.5 mph 2.70 0.18 2.40 3.00 2.05 2.51 2.27 0.12 0.92 
Walking 3.5 mph 4.70 0.18 4.41 5.01 2.95 3.60 3.27 0.12 1.68 
Running 5.5 mph 8.46 0.18 8.17 8.76 5.91 7.23 6.57 0.12 2.69 
Running 6.5 mph 9.14 0.18 8.84 9.44 7.15 8.74 7.94 0.12 2.38 
Supine 0.11 0.18 -0.18 0.41 0.90 1.10 1.00 0.12 0.93 
Typing 0.04 0.18 -0.25 0.34 0.55 0.68 0.61 0.12 0.60 
Climbing Stairs up/down 4.75 0.18 4.46 5.05 5.01 6.13 5.70 0.12 1.44 
Stationary Bike 0.61 0.18 0.31 0.91 3.88 4.75 4.31 0.12 3.92 
Over ground Walking 3.42 0.18 3.13 3.72 2.45 2.99 2.71 0.12 1.20 
Elliptical 5.76 0.18 5.47 6.06 4.42 5.40 4.91 0.12 1.80 
Walking with Backpack 3.61 0.18 3.32 3.91 2.80 3.43 3.11 0.12 1.12 
Will Tennis 0.36 0.18 0.07 0.66 1.56 1.90 1.73 0.12 1.44 
Basketball 5.16 0.18 4.87 5.46 5.13 6.27 5.70 0.12 1.19 
*Significant equivalence.  
*RMSE: root mean square error. 
              
 
 
 
100 
1
0
0
 
Table 7. Measurement agreement between measured MET and predicted MET from the Smartphone. 
  
Smartphone predicted MET 
90% CI of     
predicted MET 
Equivalence zone of 
measured MET 
OM          
measured MET 
RMSE 
Activity  Mean SE 
Lower 
bound 
Upper 
bound 
Lower 
bound  
Upper 
bound 
Mean SE Mean 
Walking 2.5 mph* 3.16 0.18 2.85 3.50 2.87 3.51 3.19 0.18 0.67 
Walking 3.5 mph 4.65 0.18 4.35 4.96 3.82 4.62 4.24 0.18 1.22 
Running 5.5 mph* 7.95 0.18 7.64 8.25 6.82 8.34 7.57 0.18 2.28 
Running 6.5 mph 8.31 0.18 7.64 8.25 8.04 9.82 8.93 0.18 2.35 
Supine 0.08 0.18 -0.22 0.38 1.80 2.20 1.99 0.18 2.14 
Typing 0.05 0.18 -0.25 0.36 1.43 1.75 1.58 0.18 1.59 
Climbing Stairs up/down 3.61 0.18 3.31 3.92 5.72 6.99 6.35 0.18 2.91 
Stationary Bike 2.79 0.18 2.49 3.10 4.46 5.45 4.95 0.18 2.33 
Over ground Walking 3.34 0.18 3.03 3.65 3.12 3.82 3.46 0.18 0.82 
Elliptical 4.17 0.18 3.86 4.48 5.20 6.36 5.71 0.18 1.95 
Walking with Backpack 3.33 0.19 3.01 3.65 3.53 4.32 3.91 0.18 1.07 
Wii Tennis 1.06 0.19 0.74 1.36 2.42 2.96 2.68 0.18 1.74 
Basketball 3.87 0.19 3.55 4.19 5.87 7.18 6.52 0.18 3.13 
*Significant equivalence. 
*RMSE: root mean square error.         
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Figure Captions and Figures 
Figure 1. Classification accuracy for 5s window with all features using Random 
Committee (Smartphone’s accelerometer data). 
Figure 2. Classification accuracy for 5s window with all features using Random 
Committee (Smartphone’s accelerometer and gyroscope data). 
Figure 3. Results from 95% equivalence testing of the agreement in total MET between 
Smartphone and OM (left), and in AEE (MET) between Actigraph and OM (right).  
Figure 4. Root mean square error for Actigraph and Smartphone. 
Figure 5. Correlation between measured MET/5s vs. Vector magnitude of vertical + 
horizontal counts/5s. 
Figure 6. Correlation between measured MET and estimated MET (Freedson 2011) from 
Actigraph. 
Figure 7. Correlation between measured MET from Oxycon Mobile and estimated MET 
from Smartphone. 
Figure 8. Bland-Altman plots measured MET from Oxycon Mobile vs. predicted MET 
from Smartphone and measured MET from Oxycon Mobile and predicted MET from 
Actigraph (Freedson 2011).  
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Figure 1. Classification accuracy for 5s window with all features using Random Committee.  
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Figure 2. Classification accuracy for 5s window with all features using Random Committee.  
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Figure 3. Results from 95% equivalence testing for agreement in total MET between Smartphone and OM (left), and in AEE 
(MET) between Actigraph and OM (right).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*Black solid bar: Equivalence zone of measured MET, Grey solid line: 90% CI of predicted MET  
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Figure 4. Root mean square error comparison between ActiGraph and Smartphone.  
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Figure 5. Correlation between measured MET/5s vs. Vector magnitude of vertical + horizontal counts/5s.  
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Figure 6. Correlation between measured MET and estimated MET (Freedson 2011) from ActiGraph.  
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Figure 7. Correlation between measured MET from the Oxycon Mobile and estimated MET from the Smartphone.  
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Figure 8. Bland-Altman plots measured MET from Oxycon Mobile vs. predicted MET from Smartphone (left) and measured MET 
from Oxycon Mobile and predicted MET from Actigraph (Freedson 2011) (right).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
* Intercept: -1.39, Slope: 0.34 
* p > 0.001 
* Intercept: -1.55, Slope: 0.66 
* p > 0.001 
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CHAPTER 5  
 
GENERAL CONCLUSION 
 
Summary 
 
 The focus of this dissertation research was on finding more practical and 
functional tools for assessing physical activity. The first study evaluated the utility of 
various consumer-based, physical activity, monitoring tools (Chapter 3) and the second 
explored the feasibility and utility of using embedded sensors in smart phones for 
objective activity monitoring.   
Consumer-based physical activity monitors allow individuals to objectively track 
their daily physical activity. Various types of these self-monitoring devices have been 
released into the market, but there is little information available to help consumers 
determine the relative effectiveness of the utility of these different devices. Therefore, it 
was important to directly evaluate them. While many devices exist, the technology in 
these devices pales in comparison to the sophistication and functionality already available 
in current Smartphones. In theory, the accelerometer-enabled Smartphone should be able 
to perform the same functions as traditional, physical-activity assessment devices (i.e., 
accelerometry based activity monitors) in free-living conditions. Considering the growth 
in popularity of the Smartphone, this platform may ultimately be the most practical 
approach for free-living activity monitoring. The aim of this dissertation was to provide 
information for researchers and consumers regarding the accuracy of consumer-based, 
physical activity monitors in estimating energy expenditure and explore the utility of a 
commercially-available Smartphone as a physical activity assessment tool.  
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 Study 1 of this dissertation assessed the accuracy of various consumer-based, 
physical activity monitors currently available on the market. The results of the study 
supported the utility of the Bodymedia FIT and also revealed promising findings for the 
FitBit. The most noteworthy finding is that almost all of the consumer-based monitors 
produced estimates that were comparable to the widely used Actigraph research-grade 
monitor. This new class of monitors offers considerable potential to advance the science 
and practice of physical activity promotion. Major strengths of Study 1 were that it tested 
the most currently-available monitors on the market in the semi-structured free-living 
conditions, employed a novel statistical method to examine agreements, and compared 
the results with the commonly-used research-based activity monitor.   
 Study 2 of this dissertation investigated procedures for classifying physical 
activity (and the accuracy of energy expenditure algorithms), utilizing a currently 
available Smartphone device placed in a pocket. The results from the second study 
support the feasibility of incorporating data from embedded Smartphone sensors to detect 
and classify physical activity patterns. The results also provided evidence that data from a 
Smartphone can be calibrated to estimate EE with accuracy comparable to the widely 
used Actigraph monitor..     
Progress in physical activity assessment research has been driven by systematic 
evaluation of new monitoring technologies. The series of papers presented in this 
dissertation provides a better understanding of the validity of consumer-based physical 
activity monitors and also evaluates the potential for estimating energy expenditure using 
built-in technology in the Smartphones. Therefore, the results from these studies provide 
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important insight of the current physical activity monitor technology and open a new 
frontier, as well as advanced methods for physical activity assessment. 
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APPENDICES 
Additional Tables and Graphs 
 
The Appendix materials include the classification accuracy figures and confusion matrix tables 
for all classifiers that were tested in this dissertation. 
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(Smartphone’s accelerometer data). 
 
Table 9. Confusion matrix for 5s window with all features using RERtree (Smartphone’s 
accelerometer data). 
 
Figure 10. Classification Accuracy for 5s Window with All Features using NaiveBayes 
(Smartphone’s accelerometer data). 
 
Table 10. Confusion matrix for 5s window with all features using NaiveBayes 
(Smartphone’s accelerometer data). 
 
Table 11. Classification accuracy with different size of training data sets with 
RandomCommittee.  
 
Table 12. Comparisons of classificaiton accuracy with ActiGraph data. 
 
Figure 11. Means of measured and estimated resting energy expenditure.  
 
Figure 12. Mean absolute percentage error for esimated resting energy expenditure  
(n=60).   
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Figure 1. Classification accuracy for 5s window with all features using Random Subspace.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*Smartphone’s accelerometer and gyroscope data. 
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Table 1. Confusion matrix for 5s window with all features using Random Subspace.  
  a b c d e f g h i j k l m 
a 497 9 0 0 0 0 6 0 9 0 2 1 4 
b 12 496 1 0 0 0 3 1 4 2 3 0 6 
c 1 7 487 28 0 0 0 1 0 0 1 0 3 
d 1 1 37 485 0 1 0 0 0 0 0 2 1 
e 0 0 0 0 525 3 0 0 0 0 0 0 0 
f 0 0 0 0 3 525 0 0 0 0 0 0 0 
g 14 8 3 1 2 0 389 12 15 30 28 10 16 
h 0 0 1 1 0 2 3 489 4 1 2 23 2 
i 18 18 0 0 0 0 3 0 390 9 74 6 10 
j 1 2 0 0 0 0 3 1 0 516 1 1 3 
k 2 18 1 0 0 0 15 4 70 9 385 2 22 
l 2 0 0 2 4 1 17 15 2 4 1 474 6 
m 43 49 26 19 1 1 39 17 47 22 47 19 198 
*Correctly Classified Instances 5856: 85.31%. 
Incorrectly Classified Instances 1008: 14.68%. 
Total number of Instances: 6864. 
*Smartphone’s accelerometer and gyroscope data. 
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Figure 2. Classification accuracy for 5s window with all features using Random Tree.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*Smartphone’s accelerometer and gyroscope data. 
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Table 2. Confusion matrix for 5s window with all features using Random Tree.  
  a b c d e f g h i j k l m 
A 488 3 0 0 0 0 9 0 6 4 3 0 15 
B 6 472 2 0 0 0 8 0 4 4 7 3 22 
C 0 2 471 39 0 0 1 0 0 2 1 3 9 
D 1 1 46 468 0 0 1 0 0 0 1 3 7 
E 0 0 0 0 493 23 1 0 0 1 0 9 1 
F 0 0 0 0 22 505 0 0 0 0 0 1 0 
G 13 5 0 1 0 0 375 8 25 18 28 2 53 
H 0 0 0 1 0 0 12 488 4 12 1 6 4 
I 11 10 0 0 0 0 19 3 357 7 88 2 31 
J 3 3 1 2 0 0 12 7 10 465 9 3 13 
K 3 10 1 0 0 0 18 0 77 7 366 0 46 
L 1 2 0 0 12 1 9 10 5 3 3 471 11 
M 27 24 17 10 0 0 51 7 35 20 52 18 267 
*Correctly classified instances 5686: 82.83%. 
*Incorrectly classified instance 1008: 17.16%. 
Total number of instances: 6864. 
*Smartphone’s accelerometer and gyroscope data. 
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Figure 3. Classification accuracy for 5s window with all features using Support vector machine.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*Smartphone’s accelerometer  and gyroscope data. 
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Table 3. Confusion matrix for 5s window with all features using Support Vector Machine. 
 
*Correctly classified instances 4116: 59.95%. 
*Incorrectly classified instance 2748: 40.04%. 
Total number of instances: 6864. 
*Smartphone’s accelerometer and gyroscope data. 
 
  a b c d e f g h i j k l m 
Walking 2.5mph 420 16 0 0 0 0 59 0 1 12 8 0 12 
Walking 3.5mph 11 417 0 0 0 0 19 0 7 23 19 11 21 
Running 5.5mph 1 2 329 183 0 0 0 0 0 2 0 10 1 
Running 6.5mph 2 1 152 363 0 0 0 0 0 0 0 10 0 
Supine 0 0 0 0 330 177 0 2 0 1 0 18 0 
Typing 0 0 0 0 201 327 0 0 0 0 0 0 0 
Climbing stairs up/down 86 38 0 0 0 0 246 20 31 61 23 5 18 
Stationary Bike 0 3 0 0 11 0 29 454 3 28 0 0 0 
Walking 55 37 0 0 0 0 49 6 176 33 155 4 13 
Elliptical 23 25 0 0 0 0 20 27 11 381 32 1 8 
walking with Backpack 43 49 0 0 0 0 52 6 174 33 140 2 29 
Wii Tennis 10 0 0 0 21 3 10 5 4 3 0 471 1 
Basketball 86 103 34 16 0 0 66 7 43 30 52 29 62 
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Figure 4. Classification accuracy for 5s window with all features using REPtree.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*Smartphone’s accelerometer and gyroscope data. 
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Table 4. Confusion matrix for 2s window with all features using REPtree.  
  a b c d e f g h i j k l m 
a 
1160 17 0 0 0 0 51 2 30 8 18 2 32 
b 
21 1190 7 0 0 0 15 1 21 12 16 3 34 
c 
1 6 1153 128 0 0 0 1 1 2 0 8 20 
d 
1 1 139 1155 0 0 1 0 0 1 0 10 12 
e 
0 1 0 0 1236 57 0 4 0 0 0 22 0 
f 
0 0 0 0 50 1262 0 0 0 0 0 8 0 
g 
56 20 1 0 0 0 846 32 75 86 62 29 113 
h 
1 1 0 0 0 0 31 1245 2 11 0 23 6 
i 
21 35 1 0 0 0 60 3 900 19 215 8 58 
j 
3 12 0 1 0 2 65 22 21 1152 10 9 23 
k 
25 21 2 0 0 0 64 3 244 17 842 0 102 
l 
2 2 4 2 26 1 36 21 3 11 4 1156 52 
m 
80 84 50 47 0 1 141 22 102 45 127 77 544 
*Correctly Classified Instances 13841: 93.4%. 
Incorrectly Classified Instances 3319: 6.599%. 
Total number of Instances 17160. 
*Smartphone’s accelerometer and gyroscope data. 
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Figure 5. Classification accuracy for 10s window with all features using NaiveBayes.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*Smartphone’s accelerometer and gyroscope data. 
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Table 5. Confusion matrix for 2s window with all features using NaiveBayes.  
*Correctly Classified Instances 1712: 49.88%. 
Incorrectly Classified Instances 1720: 50.11%. 
Total number of Instances 3432. 
*Smartphone’s accelerometer and gyroscope data. 
 
  a b c d e f g h i j k l m 
a 205 7 0 0 0 0 34 2 0 15 0 0 1 
b 20 153 4 1 1 2 34 0 4 32 3 2 8 
c 0 5 234 13 1 0 0 0 0 4 0 4 3 
d 2 0 215 42 1 0 0 0 0 0 0 4 0 
e 0 0 0 0 223 33 0 5 0 0 0 3 0 
f 0 0 1 1 234 28 0 0 0 0 0 0 0 
g 30 5 2 0 0 0 152 27 1 39 3 3 2 
h 1 0 0 0 0 0 8 158 1 37 0 57 2 
i 40 9 0 2 0 0 70 5 59 48 22 2 7 
j 6 1 0 0 0 0 15 24 0 216 0 1 1 
k 32 13 0 1 0 0 67 4 61 63 21 0 2 
l 4 0 0 0 35 1 3 5 0 1 0 214 1 
m 36 45 24 4 0 0 70 4 15 41 10 8 7 
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Figure 6. Classification accuracy for 5s window with all features using Random Subspace.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*Smartphone’s accelerometer data. 
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Table 6. Confusion matrix for 5s window with all features using Random Subspace.  
  a b c d e f g h i j k l m 
a 511 7 0 0 0 0 5 0 2 0 3 0 0 
b 1 514 0 0 0 0 0 0 0 0 1 7 5 
c 0 0 486 29 0 0 0 0 1 0 0 8 4 
d 0 0 16 502 0 0 0 0 0 0 0 8 2 
e 0 0 0 0 491 28 0 2 0 1 0 6 0 
f 0 0 0 0 12 514 0 0 0 0 0 2 0 
g 15 8 0 0 0 0 423 8 15 25 12 4 18 
h 0 0 0 1 0 0 11 507 0 8 0 1 0 
i 9 13 0 0 0 0 4 1 431 1 58 2 9 
j 3 6 0 0 0 0 16 5 1 491 1 2 3 
k 4 6 0 0 0 0 5 0 54 3 438 0 18 
l 5 0 0 0 9 3 6 7 2 2 0 492 2 
m 49 39 16 9 0 0 50 3 40 9 37 23 253 
*Correctly Classified Instances 6053 = 88.18%. 
*Incorrectly Classified Instances 811 = 11.81%. 
Total number of Instances: 6864. 
*Smartphone’s accelerometer data. 
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Figure 7. Classification accuracy for 5s window with all features using RandomTree.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*Smartphone’s accelerometer data. 
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Table 7. Confusion matrix for 5s window with all features using RandomTree.  
  a b c d e f g h i j k l m 
a 459 8 0 0 0 0 21 0 10 6 4 3 17 
b 6 461 0 0 0 0 3 0 12 7 10 3 26 
c 0 3 468 39 0 0 0 0 2 0 0 0 16 
d 0 0 53 457 0 0 2 0 0 2 0 3 11 
e 0 0 0 0 502 20 0 0 0 1 0 3 2 
f 0 0 0 0 30 496 0 0 0 0 0 2 0 
g 14 7 1 1 0 0 386 9 23 20 18 7 42 
h 0 0 0 0 1 0 10 487 4 16 3 6 1 
i 12 9 0 1 0 0 18 1 395 4 57 3 28 
j 13 3 1 2 0 0 28 11 10 437 5 4 14 
k 2 10 0 0 0 0 18 1 53 4 407 0 33 
l 2 2 1 4 8 2 4 10 3 4 2 470 16 
m 38 25 15 14 0 1 54 4 36 14 34 19 274 
*Correctly Classified Instances 5699 = 83.02%. 
*Incorrectly Classified Instances 1165 = 16.97%. 
Total number of Instances: 6864. 
*Smartphone’s accelerometer data. 
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Figure 8. Classification accuracy for 5s window with all features using Support Vector Machines.  
 
*Smartphone’s accelerometer data. 
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Table 8. Confusion matrix for 5s window with all features using Support Vector Machines.  
  a b c d e f g h i j k l m 
a 412 40 0 0 0 0 49 0 13 2 9 0 3 
b 3 409 0 0 0 0 0 0 10 28 48 11 19 
c 1 2 319 195 0 0 0 0 1 0 0 10 0 
d 2 1 147 368 0 0 0 0 0 0 0 10 0 
e 0 0 0 0 303 197 0 2 0 0 1 25 0 
f 0 0 0 0 221 307 0 0 0 0 0 0 0 
g 96 48 1 0 0 0 233 30 33 31 42 5 9 
h 9 0 0 0 0 0 25 440 3 39 0 12 0 
i 57 59 0 0 0 0 32 4 146 32 189 4 5 
j 50 36 4 0 0 0 50 16 16 293 41 1 21 
k 48 51 0 0 0 0 50 1 141 13 214 0 10 
l 12 0 0 0 30 0 13 9 0 0 0 464 0 
m 91 111 28 21 1 0 77 5 45 12 70 35 32 
*Correctly Classified Instances 3940 = 57.40%. 
*Incorrectly Classified Instances 3319 = 42.59%. 
Total number of Instances: 6864. 
*Smartphone’s accelerometer data. 
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Figure 9. Classification accuracy for 2s window with all features using REPTree.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*Smartphone’s accelerometer data. 
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Table 9. Confusion matrix for 2s window with all features using REPTree.  
  a b c d e f g h i j k l m 
a 1140 30 0 0 0 0 47 1 30 11 18 1 42 
b 12 1189 4 0 0 0 11 1 22 19 26 3 33 
c 1 4 1125 159 0 0 1 0 2 2 0 7 19 
d 1 0 144 1147 0 0 0 0 0 2 0 14 12 
e 0 0 0 0 1236 64 1 3 0 0 0 16 0 
f 0 0 0 0 67 1240 0 0 0 0 0 12 1 
g 50 25 2 0 0 0 851 27 76 119 53 30 87 
h 2 0 0 0 0 0 28 1213 5 43 2 20 7 
i 30 28 2 0 0 0 56 0 914 23 201 2 64 
j 22 13 0 1 0 2 110 29 15 1076 18 8 26 
k 28 19 3 0 0 0 43 2 247 28 879 2 69 
l 6 2 3 8 14 7 39 20 8 9 1 1155 48 
m 106 83 56 46 0 2 144 12 103 57 119 75 517 
*Correctly Classified Instances 13682 = 79.73%. 
*Incorrectly Classified Instances 3478 = 20.26%. 
Total number of Instances: 17160. 
*Smartphone’s accelerometer data. 
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Figure 10. Classification accuracy for 10s window with all features using NaiveBayes.  
 
*Smartphone’s accelerometer data. 
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Table 10. Confusion matrix for 10s window with all features using NaiveBayes.  
 
a b c d e f g h i j k l m 
a 127 4 0 0 0 0 90 3 22 8 2 0 8 
b 1 59 22 1 0 0 26 0 22 20 9 5 99 
c 0 7 206 35 0 0 0 0 0 1 0 5 10 
d 1 0 183 73 0 0 1 0 0 0 0 5 1 
e 0 0 0 0 231 30 0 3 0 0 0 0 0 
f 0 0 0 0 231 33 0 0 0 0 0 0 0 
g 12 6 4 0 0 0 138 49 8 27 9 3 8 
h 0 0 0 0 0 0 7 181 0 23 0 48 5 
i 14 6 7 2 0 0 88 6 49 20 55 2 15 
j 1 1 5 0 0 0 90 22 3 128 3 1 10 
k 13 5 8 0 0 0 79 6 63 19 57 0 14 
l 1 0 0 0 26 0 6 10 0 0 0 219 2 
m 9 11 20 4 0 0 78 12 30 20 20 8 52 
*Correctly Classified Instances 1553 = 45.25%. 
*Incorrectly Classified Instances 3319 = 54.74%. 
Total number of Instances: 3432. 
*Smartphone’s accelerometer data. 
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Table 11. Classification accuracy with different size of training data sets with RandomCommittee. 
*instances = samples. 
 
Algorithms 
Window size   Percentage Split (Training data) 
Total Instances   10% 20% 30% 40% 50% 60% 70% 80% 90% 99% 
Random 
Committee 
1.5 second 
  
 
76.7% 83.1% 85.6% 87.9% 88.7% 89.5% 90.0% 90.5% 89.7% 92.8% 
22880 Trained instances 2288 4576 6864 9152 11440 13728 16016 18304 20592 22651 
 
2 second 
  
 
78.7% 84.2% 87.3% 88.8% 89.8% 91.1% 91.4% 92.3% 92.6% 93.7% 
 
17160 Trained instances 1716 3432 5148 6864 8580 10296 12012 13728 15444 16988 
 
5 second 
  
 
68.9% 79.9% 85.5% 84.6% 90.4% 91.9% 92.7% 94.3% 94.5% 92.5% 
 
6861 Trained instances 686 1373 2059 2746 3431 4118 4805 5491 6178 6795 
 
10 second 
  
 
62.5% 71.9% 79.8% 83.5% 89.0% 89.1% 89.4% 91.1% 92.5% 93.2% 
 
3432 Trained instances 343 686 1030 1373 1716 2059 2402 2746 3089 3398 
 
15 second 
  
 
56.5% 66.8% 74.8% 79.3% 80.7% 85.8% 87.3% 90.6% 92.0% 87.0% 
 
2288 Trained instances 229 458 686 915 1144 1373 1602 1830 2059 2265 
 
30 second 
 
 
49.1% 55.0% 57.5% 65.9% 72.2% 71.9% 76.9% 79.6% 84.9% 81.8% 
  
1144 Trained instances 114 229 343 458 572 686 801 915 1030 1133 
  
Total    65.4% 73.5% 78.4% 81.7% 85.1% 86.6% 88.0% 89.7% 91.0% 90.2% 
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Table 12. Comparisons of classification accuracy with Actigraph data.  
 
Algorithms Features 
 
Window Sizes 
5s 15s 30s 
NaiveBayes Total Feature 100.0% 100.0% 3.5% 
 
Mean 97.2%  98.1% 3.1% 
 
Coefficient Variance 98.9% 100.0% 4.4% 
 
Absolute  36.5% 37.3% 6.6% 
 
Mean + Vector Magnitude 97.4% 98.4% 2.7% 
  Standard deviation 96.6% 96.7%  4.1% 
Support Vector Machine  Total Feature 100.0% 100.0% 4.0% 
 
Mean 86.6% 59.85% 4.4% 
 
Coefficient Variance 95.0% 90.95% 5.0% 
 
Absolute  34.3% 34.1% 5.5% 
 
Mean + Vector Magnitude 79.8% 72.5% 6.0% 
  Standard deviation 89.0% 91.9%  5.0% 
REPtree Total Feature 100.0% 100.0% 14.0% 
 
Mean 100.0% 100.0% 2.8$ 
 
Coefficient Variance 100.0% 100.0% 2.3% 
 
Absolute  51.7% 47.0% 13.6% 
 
Mean + Vector Magnitude 100.0% 100.0% 8.5% 
  Standard deviation 100.0% 100.0%  2.8% 
Random Tree Total Feature 100.0% 100.0% 27.4% 
 
Mean 100.0% 100.0% 0.0% 
 
Coefficient Variance 100.0% 100.0% 0.0% 
 
Absolute  51.7% 54.1% 32.9% 
 
Mean + Vector Magnitude 100.0% 100.0% 1.0% 
  Standard deviation 100.0% 100.0%  0.0% 
RandomSubspace Total Feature 100.0% 100.0% 21.3% 
 
Mean 100.0% 100.0% 0.0% 
 
Coefficient Variance 100.0% 100.0% 2.8% 
 
Absolute  50.0% 48.6% 20.4% 
 
Mean + Vector Magnitude 100.0% 100.0% 9.8% 
  Standard deviation 100.0% 100.0%  2.8% 
Random Committee Total Feature 100.0% 100.0% 43.7% 
 
Mean 100.0% 100.0% 0.0% 
 
Coefficient Variance 100.0% 100.0% 0.0% 
 
Absolute  51.7% 54.1% 32.9% 
 
Mean + Vector Magnitude 100.0% 100.0% 9.3% 
  Standard deviation 100.0% 100.0% 0.0% 
  Total Average 89.34% 88.4% 9.5%  
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Table 13. Features of Consumer-Based Physical Activity Monitors. 
 
 
Basis B1 Band BodyMedia Fit Direct Life Fitbit Gruve Nike+Fuel Band Jaw Bone Up PAM Monitor 
Price $199.00 $99.00 $199.00 $99.95 $109.95 $149.00 $129.99 $100.00 
Monthly  
Website access fee 
Free $6.95 $12.50 Free $9.95 Free Free Free 
Type Watch-style Wearable Wearable Clip-on Clip-on Wrist-band Wrist-band Clip-on 
Battery life Multiple days 7 days up to 3 weeks 5-7 days 2-4 days up to 4 days up to 10 days up to 12 month 
Water-resistance Yes No Yes No No Yes Yes No 
Monitor display LCD touch-screen Display watch Light LED Colored light LED No display LED 
Smartphone application iOS, Android iOS, Android No iOS, Android No iOS iOS, Andorid iOS, Android 
Connection to dashboard USB, Bluetooth USB, Bluetooth USB USB, Bluetooth USB USB, Bluetooth USB USB, Bluetooth 
Web display output 
& 
Tracking metrics 
 
TDEE 
PA time 
Steps 
Sleep time 
Heart rate 
Skin temp 
Perspiration 
TDEE  
PA time 
Steps 
Sleep time 
Speed 
Distance 
AEE 
PA time 
 
TDEE 
PA time 
Steps 
Sleep Pattern 
Distance 
Floors climbed 
PA EE 
PA time 
 
AEE 
PA time 
Steps 
Distance 
Points 
TDEE 
PA time 
Steps 
Sleep pattern 
Distance 
PA time 
AEE 
Points 
Diet log No Yes No Yes No No Yes No 
Prompt email email email email vibration email vibration email 
Health Coach No Yes Yes No No No No Yes 
 
PA – physical activity; EE – energy expenditure; AEE – activity energy expenditure; iOS – iPhone operating system; TDEE – total daily energy expenditure.   
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Figure 11. Means of measured and estimated resting energy expenditure (kcal).  
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Figure 12. Mean absolute percentage error for estimated resting energy expenditure (n = 60). 
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